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Glossaire 
 
Abondance locale : Nombre d’individus ou couvert relatif d’une espèce donnée au sein d’une communauté. Si les 
abondances sont relatives et non absolues, elles somment alors à 1 par communauté. 
Assemblage : Groupe d’espèces dont la coexistence est régie par différentes règles déterministes et stochastiques 
et pouvant être décrit à plusieurs échelles spatiales. 
Communauté : Ensemble d’individus d’une ou plusieurs espèces végétales coexistant en un instant et à un endroit 
donnés. 
Compétition hiérarchique : Différence de niches ou de valeurs de traits fonctionnels entre espèces entraînant 
l’exclusion locale d’espèces moins compétitives. 
CWM, CWV, CWS et CWK : Community Weighted Mean, Variance Skewness et Kurtosis, soit la moyenne, 
variance, asymétrie et aplatissement de la distribution locale des traits des espèces pondérées par les abondances 
relatives des espèces au sein de la communauté. 
Déterminisme : Processus, tel que l’établissement d’une espèce au niveau local, associé à une chaîne de causalité. 
Ensemble régional d’espèces : Liste d’espèces susceptible de s’implanter au niveau local du fait de leur présence 
dans le contexte biogéographique étudié ou de caractéristiques fonctionnelles particulières. Chacune de ces espèces 
est plus ou moins abondante régionalement. 
Filtre environnemental : Mécanisme restreignant l’établissement et le succès au niveau local de certaines espèces 
de l’ensemble régional du fait de l’inadéquation entre les conditions abiotiques locales et les caractéristiques 
fonctionnelles des espèces. 
Généraliste : Espèce dont la niche environnementale est large, qui occupe un grand nombre d’habitats ou qui 
cooccure avec un important cortège d’espèces. 
Gradient environnemental : Variation de facteurs physiques de l’environnement impliquant des conditions 
différentes d’établissement, de survie et de reproduction entre communautés. 
Limite à la similarité : Motif fonctionnel local issu d’un processus limitant la coexistence d’espèces trop 
similaires d’un point de vue fonctionnel. 
Migration : Processus intégrant la dispersion de migrants en provenance d’un ensemble régional d’espèces, leur 
établissement et la survie de leurs descendants au niveau local. 
Neutralité : État dans lequel dans lequel l’établissement d’une espèce au niveau local est lié à son abondance dans 
l’ensemble régional d’espèces associé et au taux de migration sous une hypothèse d’équivalence fonctionnelle. 
Optimalité : Valeur fonctionnelle associée à la plus grande performance locale des espèces. Généralement 
résumée sous le signe topt. 
Réseau biparti de cooccurrence : Objet liant deux types de nœuds distincts, les espèces et les communautés, par 
l’occurrence des espèces dans des communautés. 
Spécialiste : Espèce dont la niche environnementale est étroite, qui occupe un faible nombre d’habitats ou qui 
cooccure avec un cortège d’espèces limité. 
Trait : Caractéristique morphologique, physiologique ou phénologique mesurable à l’échelle d’un individu 
indépendamment de l’environnement et liée, directement ou indirectement, à sa valeur adaptative via des effets 
sur la croissance, la reproduction ou la survie. 
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Cette introduction générale présente le concept d’optimalité fonctionnelle locale et 
son importance en écologie. Ce postulat n’est en effet pas toujours énoncé de manière 
explicite mais fonde de nombreuses études en écologie des communautés, biogéographie 
et écologie fonctionnelle. L’optimalité fonctionnelle locale correspond à l’ensemble des 
adaptations physiologiques octroyant une performance individuelle maximale dans un 
environnement donné. Dans cette introduction, le raisonnement ayant conduit à cette 
formalisation est retracé et les enjeux autour de cette définition sont ensuite présentés. Les 
apports de l’écologie fonctionnelle pour décrire la diversité sous un autre angle que la 
taxonomie sont ainsi abordés ainsi que les liens entre les traits fonctionnels et la 
performance locale des espèces. Les différentes échelles de structuration de la biodiversité, 
depuis les ensembles biogéographiques jusqu’aux communautés, sont illustrés ainsi que les 
règles d’assemblage inhérentes à la description des communautés. La structuration de ces 
dernières autour d’une optimalité fonctionnelle locale est ensuite introduite ainsi que son 
estimation via l’établissement de relations trait ~ environnement. Une fois l’optimalité 
estimée, l’identification d’espèces fonctionnellement éloignées ou proches de cette valeur 
est réalisée. Enfin, les multiples processus entraînant une déviation de l’optimalité sont 
présentés au travers des liens avec la démographie des espèces, du rôle des traits 
fonctionnels dans la coexistence et des apports de la théorie neutre. 
 
1. Les traits fonctionnels, des grandeurs pour caractériser le Vivant 
1. Limites taxonomiques et apports de l’écologie fonctionnelle 
Les premiers efforts de caractérisation de la Nature ont consisté en l’établissement 
de vastes inventaires taxonomiques. À mesure que l’effort d’échantillonnage s’accentuait 
et que les zones non inventoriées se réduisaient, des premiers motifs dans la répartition des 
espèces végétales sont apparus. En parallèle des cartes de végétation et herbiers dressés par 
les botanistes et biogéographes du XIXème siècle (Von Humboldt et Bonpland 1807, de 
Candolle 1820, Hooker 1827), des cartes de répartition mondiale des espèces furent établies 
et délimitèrent de grands groupes répartis à l’échelle du monde (Wallace 1876). Ces 
premiers travaux, marquant l’émergence de la biogéographie comme discipline 
scientifique, listaient ainsi des motifs de végétation se répétant le long de gradients 
environnementaux. Cependant, la seule connaissance taxonomique ne peut suffire pour 
expliquer la structuration de la biodiversité. En effet, le nom d’une espèce ne nous 
renseigne en rien sur les mécanismes biologiques qui permettent son maintien au niveau 
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local. Plusieurs classifications des végétaux en groupes présentant des caractéristiques 
phénotypiques similaires ont alors émergé afin d’identifier des caractéristiques communes 
aux espèces d’un même motif (voir le tableau récapitulatif page 5 dans Garnier et al. 2016). 
L’idée centrale derrière ces premières classifications consiste à résumer la biodiversité 
observée en composantes majeures d’organisation. Ces composantes doivent pouvoir 
expliquer l’établissement, le maintien et la reproduction d’une espèce dans un 
environnement donné, c’est-à-dire de caractériser les grandes fonctions du Vivant et de les 
associer à des variations de l’environnement. L’écologie fonctionnelle fait de ces questions 
son objet d’étude (Calow 1987). Un des enjeux essentiels de cette discipline est de détailler 
le phénotype en plusieurs variables, ou traits, mesurables à l’échelle de l’individu et liées à 
la réalisation d’une fonction biologique inhérente au cycle de vie, telle que la colonisation 
de nouveaux espaces, l’utilisation des ressources ou le succès reproducteur. La réalisation 
de ces fonctions est associée à une certaine performance devant permettre d’expliquer le 
maintien d’un individu d’une espèce au niveau local. La construction d’axes de 
performance fait ainsi de l’écologie fonctionnelle une science fondamentalement 
comparative, c.à.d. basée sur la comparaison entre différentes espèces (Bradshaw 1987). 
Concomitante à la notion de performance, la notion de compromis, ou « trade-off » 
en anglais, est essentielle à l’écologie et à l’évolution. De fait, chaque individu étant le 
vecteur d’une quantité finie d’énergie et ayant à sa disposition une quantité finie de 
ressources, la performance d’une fonction particulière affecte la performance des autres 
fonctions biologiques, entraînant l’existence de grands compromis fonctionnels (Stearns 
1989). Ces compromis impliquent l’existence de corrélations négatives entre les capacités 
reproductrices, compétitrices et d’acquisition de ressources des espèces et par là même des 
traits qui sont associés à ces fonctions. L’espace réalisé des valeurs de traits fonctionnels 
est ainsi contraint par des compromis physiologiques qui ont été illustrés de différentes 
manières chez les plantes. Les capacités compétitrices, de tolérance aux conditions 
stressantes du milieu et de perturbations des espèces végétales ont par exemple été décrites 
comme étant trois stratégies extrêmes au sein desquels les plantes se répartissent (Grime 
1974, 1977). À ces profils furent associés différentes valeurs de traits fonctionnels, 
comprenant notamment la forme et la durée de vie des feuilles, la morphologie de la tige, 
la forme de croissance, la phénologie ou encore la production annuelle de graines (Grime 
1979). Parmi l’ensemble de ces traits fonctionnels mesurables chez les plantes, certains 
apparaissent particulièrement structurants et englobent la majeure partie des variations 
fonctionnelles entre espèces de plantes. Avec seulement six traits foliaires, le spectre 
Introduction générale 
14 
d’économie foliaire (Wright et al. 2004) couvre ainsi plus de 75% de la variation 
fonctionnelle entre 2.500 espèces de plantes et répartit ces espèces le long d’un unique axe 
de variation fonctionnelle. Cet axe décrit une allocation des ressources contrastée avec 
d’une part des feuilles à faible durée de vie et capables d’acquérir les ressources de manière 
très efficace et d’autre part des feuilles longévives investissant davantage dans des tissus 
denses et de défense et aux capacités photosynthétiques plus limitées. À l’échelle du 
phénotype, les composantes majeures de la diversité fonctionnelle des plantes peuvent être 
regroupées en deux axes correspondant d’une part à ce spectre d’économie foliaire et 
d’autre part à un axe lié à la taille des espèces végétales (Díaz et al. 2016). Ces traits, 
largement utilisés dans ce travail, sont présentés dans le tableau 1. L’analyse interspécifique 
des covariations de traits fonctionnels et des lois qui contraignent la diversité phénotypique 
globale constitue un des objectifs majeurs de l’écologie fonctionnelle. Il est à noter que la 
description de ces espaces phénotypiques et des contraintes biologiques majeures qui y sont 
associées est permise par l’émergence récente de nombreuses bases de données mondiales 
(Kattge et al. 2011). 
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Tableau 1. Principaux traits fonctionnels utilisés chez les plantes et relations avec les fonctions 
associées. Les références associées sont les suivantes : (1) Wright et al. (2004), (2) Wright et al. 
(2006), (3) Poorter et al. (2009), (4) Grime (1977), (5) Westoby et al. (2002), (6) King (1990), (7) 
Givnish (1982), (8) Weiher et al. (1999), (9) Moles et al. (2005), (10) Muller-Landau (2010), (11) 
Jakobsson et Eriksson (2000), (12) Leishman et al. (2000), (13) Moles et Leishman (2008), (14) 
Bumb et al. (2018), (15) Moles et al. (2013), (16) Onoda et al. (2011) 
 
Trait fonctionnel 
Acronyme (et 
unité) 
Définition 
Signification fonctionnelle (et 
direction de la relation) 
Surface spécifique 
foliaire (Specific leaf 
area) 
SLA (m².kg-1) 
Surface de la face foliaire d’une 
feuille fraîche divisée par son poids 
sec 
Acquisition de la ressource 
lumineuse (+) (1) 
Durée de vie de la feuille (-) (1, 
2) 
Conservation de la ressource 
hydrique (-) (3) 
Surface foliaire 
(Leaf area) 
LA (m²) Surface foliaire 
Acquisition de la ressource 
lumineuse (+)(4) 
Hauteur végétative 
(Plant Height) 
PH (m) 
Plus courte distance entre la limite 
supérieure des principaux tissus 
photosynthétiques et le niveau du sol 
Compétition pour la ressource 
lumineuse (+) (5, 6, 7) 
Masse des graines 
(Seed Mass) 
SM (mg) Masse sèche d’une graine 
Distance dispersive (-) (5, 8, 9, 10) 
Survie des juvéniles (+) (5, 10, 11, 
12) 
Temps d’atteinte du stade 
reproductif (+) (13) 
Teneur en matière 
sèche des feuilles 
(Leaf dry matter 
content) 
LDMC (g.g-1) 
Masse sèche d’une feuille divisée par 
son poids frais 
Durée de vie de la feuille (+) 
(1) 
Digestibilité (-) (14) 
Défense (+) (15, 16) 
Teneur foliaire en 
azote (Leaf nitrogen 
content) 
LNC (mgN.g-1) 
Quantité d’azote par unité de surface 
foliaire 
Acquisition de la ressource 
lumineuse (+) (1) 
Durée de vie de la feuille (-) (1) 
Teneur foliaire en 
phosphore (Leaf 
phosphorus content) 
LPC (mgP.g-1) 
Quantité de phosphore par unité de 
surface foliaire 
Acquisition de la ressource 
lumineuse (+) (1) 
Durée de vie de la feuille (-) (2) 
 
2. Le lien entre traits fonctionnels, environnement et performance 
L’établissement de spectres phénotypiques relève de l’intérêt de mesurer des traits 
fonctionnels synthétiques qui couvrent la variation observable entre espèces et de 
l’identification de compromis adaptatifs existant entre espèces. Néanmoins, pour pouvoir 
expliquer la structuration de la biodiversité, ces spectres phénotypiques doivent être reliés 
à des gradients environnementaux afin d’identifier les causes du succès local des espèces. 
Ainsi, de la même manière que les espèces peuvent être associées à des courbes de réponse 
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à l’environnement (Hutchinson 1918, Lomolino et al. 2006), chacun des traits décrit dans 
les espaces multivariés fonctionnels peut être relié à des variables environnementales. Ces 
relations entre les traits fonctionnels des plantes et l’environnement témoignent de 
l’adaptation des espèces à certaines conditions abiotiques (MacColl 2011) et concrétisent 
ainsi les liens avec la notion de performance locale énoncés par la définition de l’écologie 
fonctionnelle (Calow 1987). Cependant, comme explicité dans l’article de Violle et al. 
(2007), le lien entre un trait fonctionnel et la performance locale peut être indirect et une 
nuance est à apporter à la notion de trait. Ainsi, c’est parfois la combinaison de valeurs 
prises par plusieurs de ces traits, et non par un trait unique, qui sera à associer à la notion 
intégrative de performance locale (Laughlin 2014, Kleyer et Minden 2015). Des contraintes 
différentes régissent ainsi l’identité fonctionnelle des espèces quand elle est basée sur 
plusieurs traits plutôt que sur un seul caractère (Laughlin et Messier 2015, Muscarella et 
Uriarte 2016). 
Par ailleurs, les variations fonctionnelles des plantes sont essentiellement décrites à 
partir de valeurs moyennes spécifiques (Díaz et al. 2016). Ceci est dû au fait que le coût 
d’acquisition de la variabilité intraspécifique est relativement élevé (Baraloto et al. 2010). 
Cependant, baser l’approche fonctionnelle sur des moyennes spécifiques peut constituer un 
frein pour expliquer la performance locale des espèces à partir des traits fonctionnels. La 
gamme de valeurs qu’un trait fonctionnel peut prendre chez une espèce est en effet fonction 
de paramètres génétiques, de développement ou environnementaux (Bonnier 1887, 
Coleman et al. 1994). Cette variabilité intra-spécifique est particulièrement structurante 
dans certains contextes et pour certaines espèces (Messier et al. 2010, Violle et al. 2012, 
Sartori et al. 2018). D’un point de vue évolutif, c’est cette variabilité fonctionnelle intra-
spécifique qui, au travers de la variabilité génétique, constitue l’un des moteurs de 
l’adaptation des espèces aux changements environnementaux (Ridley 2003). Moyenner une 
valeur de trait à l’échelle de l’espèce peut ainsi sembler préjudiciable dans la mesure où le 
lien avec l’environnement local devient moins réaliste. Néanmoins, ce fait peut ne pas 
constituer un problème majeur selon la question à résoudre et plusieurs études ont montré 
que la variabilité interspécifique dépassait largement la variabilité intra-spécifique chez les 
plantes (Kazakou et al. 2014, Siefert et al. 2015) et ceci d’autant plus que la taille de 
l’échelle spatiale considérée est importante (Albert et al. 2011). Dans les bases de traits 
fonctionnels les plus exploitées (Kattge et al. 2011), des valeurs de trait moyennées par 
espèces sont désormais utilisées massivement afin d’associer aux observations des motifs 
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de diversité taxonomique des mécanismes physiologiques liés à la performance locale des 
espèces. 
 
2. Les multiples échelles d’organisation de la biodiversité 
1. Des ensembles biogéographiques aux communautés 
Les premières cartographies des biomes au niveau planétaire illustrent l’existence 
d’une structuration de la biodiversité à l’échelle mondiale (Wallace 1876). Les biomes 
représentent un grain grossier de structuration de la biodiversité qui se décline à plusieurs 
échelles spatiales. En effet, dès le début du XIXème siècle, les grands botanistes et 
explorateurs remarquent l’existence d’unités homogènes de végétation à une échelle plus 
fine, à l’instar de Von Humboldt et de ses observations faites le long de gradients d’altitude 
dans les îles Canaries et en Amérique Latine (Von Humboldt et Bonpland 1807). Cette 
structuration à plusieurs échelles de la biodiversité voit deux écoles de pensée divergentes 
s’affronter au début du XXème siècle. D’un côté, Clements (1916) décline la granulométrie 
de la biodiversité de manière organismique des niveaux spatiaux les plus grossiers jusqu’à 
l’échelle locale, classant la biodiversité en une hiérarchie de niveaux d’organisation 
emboîtés. À l’opposé, Gleason (1926) argumente en faveur d’une articulation quasi 
aléatoire des espèces entre elles, n’entraînant l’existence d’aucune structuration. Plusieurs 
arguments basés sur la sélection naturelle opérant à l’échelle individuelle (Tansley 1935) 
et sur des observations empiriques de communautés végétales (Whittaker 1951) réfutèrent 
la vision organismique de la biodiversité promulguée par Clements. Il est en revanche 
aujourd’hui admis que la structuration de la biodiversité se distribue le long d’un continuum 
d’organisation borné par les extrêmes définis par Clements et Gleason. La question centrale 
est donc dorénavant liée au placement des motifs de biodiversité observés le long de ce 
continuum (Leibold et Mikkelson 2002). À une échelle locale, les individus de différentes 
espèces co-occurrent dans un même milieu et interagissent entre eux. Ce type d’ensemble 
définit les communautés. Étudiées depuis les débuts du XXème siècle (Cowles 1899, 
Clements 1916, Gleason 1926), les communautés sont restées relativement variables dans 
leur définition et largement débattues (Looijen et van Andel 1999). Nous adopterons dans 
ce mémoire une définition très proche des premières sociétés végétales de Cowles (1899), 
à savoir un ensemble d’individus d’une ou plusieurs espèces végétales coexistant en un 
instant et à un endroit donnés. Ce niveau d’organisation est d’une importance majeure en 
écologie puisqu’il correspond à une échelle spatiale critique à partir de laquelle de 
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nombreux processus d’interactions et de densité-dépendance interviennent. Ces processus 
impliquent un effet différent des changements environnementaux sur des dynamiques telles 
que la productivité primaire (Hobbie et Chapin III 1998), le changement de biomasse 
(Grime et al. 2000) ou encore les conditions de croissance optimale (Ellenberg 1953) au 
niveau spécifique et de la communauté. Ces résultats démontrent que l’agencement d’une 
communauté est plus que la simple combinaison de dynamiques spécifiques indépendantes 
et renforcent l’intérêt pour ce niveau d’organisation (Suding et al. 2008). Le fait que 
certains processus ne se transfèrent pas de manière directe de l’échelle spécifique à l’échelle 
des écosystèmes appelle ainsi à formaliser l’assemblage des communautés. Les 
changements de composition taxonomique et fonctionnelle entre communautés le long de 
gradients environnementaux ont ainsi été étudiés au travers de plusieurs règles 
d’assemblage intégrant de nombreux processus. 
 
2. Existence et mise en évidence de règles d’assemblage 
L’idée d’assemblage est d’abord à relier au fait que chaque communauté est 
associée à une surface spatiale limitée, définie selon le taxon considéré. Cette taille 
référence est généralement établie de manière à maximiser le nombre d’espèces détectées 
pour une surface donnée et peut être établie à partir de courbes de raréfaction (Arrhenius 
1921, Preston 1960) ou d’analyses de similarité entre communautés (Gounot et Calleja 
1962, Barkman 1989). Cette surface est ainsi de l’ordre de la dizaine de mètres carrés dans 
les communautés herbacées prairiales (Ellenberg et Mueller-Dombois 1974, page 48). Dès 
lors, chaque communauté ne peut contenir qu’un nombre fini d’individus, et donc 
d’espèces, en raison d’une capacité de charge finie du milieu. Ces individus coexistant 
localement ne représentent pas de manière exhaustive les espèces de la région 
biogéographique associée. Ainsi, par rapport à l’ensemble potentiel des espèces ayant leur 
aire de répartition se chevauchant localement, les communautés ne constituent qu’un sous-
ensemble des possibles. La constitution de ce sous-ensemble et les règles d’assemblage 
associées fondent la question majeure de l’écologie des communautés, formulée 
initialement par Diamond (1975). Par règles d’assemblage, on entend les règles qui 
définissent la composition des communautés et déterminent quel sous-ensemble d’espèces 
existant dans une région géographique donnée peut coexister localement (Keddy 1992). 
L’agencement de ces règles a été schématisé à de multiples reprises afin d’illustrer les 
différents processus entraînant une réduction progressive du nombre d’espèces pouvant 
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s’implanter dans une communauté locale à partir d’un ensemble d’espèces à large échelle 
(Weiher et al. 1998, Lortie et al. 2004, HilleRisLambers et al. 2012, Ovaskainen et al. 
2017). La métaphore utilisée repose sur le placement successif de différents filtres réduisant 
le champ des possibles à chaque étape (Figure 1). Partant de la liste des espèces mondiales 
ou du biome considéré, un premier tamis représentant l’action de barrières topographiques 
ou biogéographiques à la migration va restreindre l’ensemble d’espèces susceptibles d’être 
observées localement. Chaînes de montagne et océans matérialisent par exemple ces 
frontières agissant à large échelle (Ficetola et al. 2017). Un deuxième filtre correspondant 
à l’action sélective de l’environnement local, le « filtre environnemental », va exclure des 
espèces ne pouvant coloniser, persister ou se reproduire du fait des conditions abiotiques 
de la communauté. Enfin, le dernier tamis représente l’ensemble des interactions biotiques, 
notamment de compétition et de facilitation, entre les espèces ayant passé les deux 
premières barrières. L’action consécutive de ces barrières aboutit à ne filtrer que les espèces 
réellement observées localement. L’emboîtement successif de ces différents processus 
reflète le fait que les interactions biotiques ont supposément davantage d’effet au niveau 
local (Kneitel et Chase 2004, Soberón 2007). Le filtre abiotique peut quant à lui agir à large 
échelle (Davies et al. 2004) mais aussi localement avec l’existence de micro-habitats 
(Lundholm 2009). Il a cependant été reproché à ce schéma d’adopter une logique trop 
descendante et de négliger l’interconnexion spatiale des principaux processus de sélection 
d’espèces, les interactions biotiques pouvant par exemple également agir à large échelle 
spatiale (Araújo et Rozenfeld 2014). Par ailleurs, des boucles de rétroaction agissant sur la 
composition des ensembles régionaux d’espèces sont aujourd’hui prises en compte dans ce 
type de schéma conceptuel (Mittelbach et Schemske 2015). 
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Figure 1. Figure extraite de Lortie et al. (2004). Ce schéma illustre les principaux processus 
structurant les communautés de plantes. Les différents ensembles d’organisation figurent dans 
les rectangles. Chaque processus, ou filtre, est représenté par des barres parallèles horizontales 
et est nommé par le texte adjacent en gras et en italique. Les flèches représentent les flux 
d’espèces au travers de chacun des filtres et les flèches hachées les processus pouvant influencer 
les communautés. 
 
3. Interconnexion spatiale de l’optimalité physiologique 
Le schéma des filtres intègre un niveau régional de la biodiversité qui influence 
fortement les processus d’assemblages locaux. La richesse spécifique des communautés a 
ainsi été montrée comme positivement reliée au nombre d’espèces du niveau régional 
(Strong Jr 1979, Ricklefs 1987, Zobel 1997) tandis que de nombreuses questions sur la 
saturation des communautés en espèces provenant de l’ensemble régional ont émergé 
(Cornell et Lawton 1992), notamment dans le cadre de la biogéographie insulaire 
(MacArthur et Wilson 1963, MacArthur 1967). Ce niveau régional de la biodiversité 
permet également de constituer une base de comparaison essentielle à la compréhension de 
l’assemblage des communautés. L’utilisation de modèles nuls en écologie (Gotelli et al. 
1996, Gotelli 2000) permet de comparer les motifs locaux observés à des attendus aléatoires 
Introduction générale 
21 
vis-à-vis de la composition spécifique du niveau régional. Pour que ce type d’analyse soit 
pertinent, il convient de différencier le niveau régional en plusieurs ensembles 
écologiquement cohérents. En effet, dans de nombreux cas, de simples listes, basées 
uniquement sur des flores locales, sont utilisées comme bases de comparaison et 
n’incorporent pas le fait que certaines espèces ne pourront jamais s’établir au niveau local 
du fait des filtres biogéographiques et environnementaux agissant (Lessard et al. 2012). De 
nombreuses discussions ont alors émergé pour traiter ce problème et identifier des 
ensembles régionaux pertinents, qu’ils soient basés sur une histoire biogéographique 
commune (Carstensen et al. 2013) ou sur les capacités de dispersion des espèces (Lessard 
et al. 2016). Des hypothèses différentes sur les mécanismes d’assemblage peuvent alors 
être testées selon la définition adoptée. La construction de ces ensembles peut également 
s’effectuer directement à partir des propriétés d’occurrence des espèces dans les 
communautés (Holt et al. 2012, Munoz et al. in prep) et ainsi reconstruire des ensembles 
d’espèces et de communautés partageant une identité taxonomique et fonctionnelle 
communes. La distribution fonctionnelle au sein du niveau régional traduit alors l’influence 
du contexte biogéographique, d’un filtre environnemental à large échelle et des interactions 
biotiques. Cette composition fonctionnelle régionale est restée très peu étudiée mais de 
récentes analyses ont montré qu’elle était corrélée positivement à la diversité fonctionnelle 
des communautés locales (Patrick et Brown 2018, Spasojevic et al. 2018). 
L’interdépendance fonctionnelle entre les niveaux régional et de la communauté, ainsi que 
les règles d’assemblages décrites précédemment, laissent donc sous-entendre que les 
distributions fonctionnelles observées à plusieurs échelles ne sont pas aléatoires mais 
traduisent l’existence d’une optimalité agissant à plusieurs échelles d’organisation 
(Schymanski 2008). 
 
3. La structuration des communautés autour d’un optimum 
1. Les relations trait ~ environnement comme outil d’identification 
Au niveau spécifique, l’écologie fonctionnelle a permis d’identifier des espaces 
phénotypiques contraints par l’environnement et différents compromis adaptatifs (Grime 
1974, Westoby 1998, Wright et al. 2004, Chave et al. 2009, Díaz et al. 2016). Les apports 
de cette discipline sont également essentiels à la compréhension des mécanismes 
d’assemblage des communautés (McGill et al. 2006). En effet, du fait des interactions 
biotiques au sein des communautés, les abondances des espèces végétales au centre de leur 
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niche environnementale peuvent être réduites (Ellenberg et Mueller-Dombois 1974 page 
349, Austin 1982, Wisheu 1998, Rehfeldt et al. 1999, 2002). L’écologie fonctionnelle 
permet d’étudier les mécanismes d’assemblage des communautés décrits précédemment 
via les traits fonctionnels (Keddy 1992, Grime 2006 chapitre 5). Plusieurs expérimentations 
ont ainsi montré l’existence de mécanismes d’exclusion basés sur des différences 
fonctionnelles entre espèces (Grime 1987, Campbell et Grime 1992, Stockey et Hunt 1994, 
Weiher et Keddy 1995). De ces résultats vint alors un postulat central : chaque communauté 
est associée à une optimalité fonctionnelle locale (Shipley et al. 2006, Shipley 2010, 
Enquist et al. 2015, Warton et al. 2015a). Cette optimalité va conditionner la performance 
locale des espèces, entraînant une différence de biomasses ou d’abondances. Ainsi, les 
espèces les plus abondantes au niveau local seront celles qui seront fonctionnellement 
proches de l’optimalité locale induite par le filtre environnemental (Shipley et al. 2006, 
Cornwell et Ackerly 2009) et inversement. La décroissance de performance locale à mesure 
que l’espèce focale s’éloigne fonctionnellement de l’optimum a souvent été décrite par une 
courbe Gaussienne (Shipley 2010, Figure 2). Ce postulat permet d’établir des objectifs de 
prédictions des abondances des espèces dans un environnement donné en fonction de leur 
identité fonctionnelle (Lavorel et Garnier 2002).  
Bien que plusieurs modèles testant cette hypothèse soient établis (Shipley 2010, 
Laughlin et al. 2012, Warton et al. 2015a) , la majeure partie des travaux d’évaluation de 
ce postulat se basent sur des relations trait ~ environnement à l’échelle de la communauté. 
En effet, dans le cas d’un filtre environnemental Gaussien, régissant l’abondance locale des 
espèces en fonction de leur proximité fonctionnelle à un optimum, on s’attend à ce que la 
moyenne fonctionnelle de la communauté pondérée par les abondances locales, en anglais 
le Community Weighted Mean ou CWM, soit un bon estimateur de cette optimalité (Figure 
2, Garnier et al. 2004). En outre, si un trait est fonctionnel sensu Violle et al. (2007) le long 
d’un gradient environnemental et que le postulat de l’optimalité est valide, alors le CWM 
doit être lié au gradient environnemental et traduire un changement de performance locale 
(Figure 2, Ackerly et Cornwell 2007, Reich 2014). De nombreuses études ont ainsi montré 
l’existence d’une variation des CWMs, et donc de l’abondance des espèces considérées, le 
long de différents gradients (Cornwell et Ackerly 2009, Sonnier et al. 2010, Fortunel et al. 
2014, Jager et al. 2015, Ames et al. 2016). Ces relations impliquent une plus forte 
adéquation avec les conditions imposées par le filtre environnemental local pour les espèces 
abondantes que pour les espèces rares (Stanley Harpole et Tilman 2006, Cingolani et al. 
2007). La prise en compte des abondances des espèces pour établir des relations trait ~ 
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environnement pertinentes est donc essentiel à la compréhension de la structuration de la 
biodiversité (Pakeman et Quested 2007, Borgy et al. 2017). Le raisonnement mené sur la 
moyenne s’applique également aux autres moments locaux pondérés par les abondances 
relatives des espèces. Ainsi, dans le cas d’un filtre Gaussien (Figure 2), la force du filtre, 
représentée par l’écart-type de la fonction, sera correctement estimée par la variance locale, 
ou CWV pour Community Weighted Variance. L’étude de la variation du CWV le long de 
gradients environnementaux doit ainsi permettre d’estimer si le filtre environnemental est 
plus ou moins sélectif en fonction des conditions abiotiques (Pillar et al. 2009, Watkins et 
Wilson 2003). L’hypothèse dominante est que la force de ce filtre s’accroît aux extrêmes 
de gradients environnementaux, ces derniers pouvant être associés à des contraintes 
abiotiques plus fortes (Weiher et al. 1998, Callaway et al. 2002, Cornwell et al. 2006, 
Butterfield 2015). Les moments d’ordre supérieur, tels que les coefficients d’aplatissement 
et d’asymétrie, peuvent également constituer de bons indicateurs des processus de filtrage 
à l’œuvre au niveau local (Enquist et al. 2015, Gross et al. 2017).  
 
Figure 2. Figure conceptuelle présentant le postulat de l’écologie fonctionnelle. La fonction 
Gaussienne décrit la forme qu’adopte le filtre environnemental et correspond à la décroissance 
de performance locale à mesure que les traits des espèces s’éloignent de l’optimalité locale. Ceci 
se traduit par une distribution observée des abondances représentée par l’histogramme. La 
réalisation de ce postulat entraîne une égalité entre le CWM de la communauté et l’optimalité 
fonctionnelle locale topt. De même, le CWV est égal à la variance de la fonction de filtre σopt2 
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2. Quelles espèces dévient de l’optimalité locale ? 
L’écologie fonctionnelle établit donc le postulat que les communautés se structurent 
autour d’une optimalité fonctionnelle locale topt. Si l’identité des espèces se distribuant 
autour de ce topt peut changer en fonction des communautés considérées, l’hypothèse que 
certaines propriétés écologiques induisent une distance fonctionnelle plus ou moins grande 
à l’optimalité fonctionnelle locale peut être émise. Une des premières observations faites 
en écologie fut de constater que la taille de l’aire de répartition des espèces était 
extrêmement variable (Hutchinson 1918). De multiples processus fonction de l’histoire 
évolutive des espèces et des différentes pressions de sélection selon les milieux définissent 
la taille d’une aire de répartition (Janzen 1985). Cette variation de taille implique que le 
déterminisme bioclimatique agissant à large échelle sur la répartition des espèces n’ait pas 
la même force de sélection sur l’ensemble des espèces, dessinant par-là même un gradient 
de spécialisation écologique. Après avoir identifié un gradient de spécialisation de 
différentes espèces, plusieurs écologues se sont interrogés sur la performance au niveau 
local de ces espèces rares et communes et deux grandes hypothèses macro-écologiques 
opposées ont émergé. Il est à noter que la spécialisation écologique n’est pas un exact 
synonyme de la rareté mais qu’un lien implicite unit les deux concepts, la disponibilité 
d’une certaine gamme environnementale régissant la rareté d’une espèce spécialiste de cette 
gamme. La première hypothèse liant les abondances locales à la spécialisation écologique 
établit qu’une espèce spécialisée dans l’acquisition d’une certaine ressource sera capable 
de l’extraire plus efficacement qu’une espèce généraliste, capable d’assimiler un plus grand 
nombre de ressources. Cette hypothèse fut nommée « Jack-of-all trades is master of none », 
que l’on pourrait plus ou moins traduire par « Jacques le touche-à-tout n’est bon à rien » 
(MacArthur 1961, MacArthur et MacArthur 1961). À l’opposé, l’hypothèse d’une 
dominance au niveau local des espèces communes ou généralistes, « Jack-of-all-trades is a 
master of all », a été formulée par Brown (1984). Le mécanisme sous-jacent est que les 
espèces communes sont dotées de fortes capacités compétitrices leur permettant de dominer 
les communautés où elles occurrent. Dans le cadre de ces deux hypothèses, les spécialistes 
et généralistes seraient donc soit plus abondantes soit plus rares localement. Le postulat de 
l’écologie fonctionnelle présenté précédemment implique que l’abondance des espèces soit 
liée à une faible distance fonctionnelle à l’optimalité locale. Dès lors, dans le cadre des 
deux hypothèses «master-of-none » et « master-of-all », on peut s’attendre à ce que 
respectivement les spécialistes ou les généralistes soient plus proches du CWM de leur 
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communauté. De manière plus détaillée, l’hypothèse « master-of-none » implique que les 
traits fonctionnels responsables de la généralisation soient antagonistes des traits assurant 
le maintien local. À l’inverse, l’hypothèse « master-of-all » implique que les traits liés à de 
grandes aires de répartition et au caractère généraliste soient également liées à une forte 
performance locale. Bien que la spécialisation ait été largement étudiée en écologie 
(Devictor et al. 2010), peu de travaux ont lié de manière explicite les valeurs de différents 
traits fonctionnels à la spécialisation et à la distance à l’optimalité (Murray et al. 2002, 
Boulangeat et al. 2012) et l’identité des espèces proches ou éloignées de l’optimum local 
n’est pas bien établie. Ces questions majeures font écho à différentes facettes récemment 
mises en avant de la rareté écologique (Violle et al. 2017). La rareté d’une espèce peut ainsi 
être définie d’un point de vue spatial aux échelles régionales et de la communauté mais 
également d’un point de vue taxonomique ou fonctionnel. L’analyse des congruences de la 
rareté entre ces différentes dimensions permet de comprendre comment l’optimalité 
fonctionnelle le long de plusieurs niveaux d’organisation façonne l’identité et les 
dynamiques des espèces. 
 
Le cadre conceptuel défini par l’écologie fonctionnelle et les traits apparaît 
prometteur pour expliquer les dynamiques de communautés et la structuration de la 
biodiversité locale (Weiher et al. 2011). Ce cadre relève l’importance de combiner plusieurs 
approches, aussi bien expérimentales pour différencier les effets des filtres biotiques et 
abiotiques sur la croissance, survie et reproduction des espèces (Kraft et al. 2015), 
statistiques avec la nécessité de recourir à des méthodes particulières intégrant la multi-
dimensionnalité des variables environnementales (Warton et al. 2015b) que de 
modélisation pour intégrer des dynamiques démographiques (Salguero-Gómez et al. 2018). 
L’écologie fonctionnelle et les motifs de diversité locale permettent également d’évaluer 
sous un angle plus mécaniste des propriétés fondamentales des espèces telles que leur 
spécialisation écologique (Boulangeat et al. 2012) ou la rareté de nombreuses espèces 
(Grenié et al. 2017, Violle et al. 2017). Cependant, le postulat de l’optimalité fonctionnelle 
locale est relativement déterministe et néglige l’existence de forces d’assemblages 
complémentaires. 
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4. Des processus qui remettent en cause le postulat de l’optimalité 
1. Le hasard fait bien les choses : de l’influence des processus neutres 
Dès la période de la Grèce antique, le philosophe Démocrite affirmait que « tout ce 
qui existe dans l’univers est le fruit du hasard et de la nécessité ». De nombreux siècles plus 
tard, cette maxime a été reprise en génétique des populations (Kimura 1968, Ewens 1972, 
Monod 1974) et a justifié l’extrême importance de la dérive génétique et des mutations 
dans les flux génétiques opérant entre populations. Ainsi, au-delà des pressions de sélection 
imposées par la sélection naturelle (Darwin 1859), le maintien d’un allèle dans une 
population de taille finie est en partie dépendant de sa fréquence. À la fin des années 1970, 
le parallèle avec l’écologie des communautés a commencé à être fait (Caswell 1976, 
Hubbell 1979) mais ce n’est qu’en 2001 que l’ouvrage fondateur présentant la théorie 
neutre de la biodiversité a vu le jour, provoquant une véritable révolution dans la discipline 
(Hubbell 2001). À l’instar de la théorie neutre moléculaire, le modèle développé par 
Hubbell prédit la distribution locale d’abondances des espèces à partir d’un nombre 
restreint de paramètres puisque n’incluant que la fréquence des espèces dans l’ensemble 
régional susceptible de coloniser le niveau local, un taux de migration, ou de dispersion 
limitée, des espèces en provenance de cet ensemble régional ainsi qu’un paramètre de 
spéciation au sein de l’ensemble régional d’espèces, ce paramètre étant nommé le 
paramètre fondamental de la biodiversité. À une échelle spatiotemporelle restreinte, le 
paramètre de spéciation peut être négligé et la probabilité de colonisation d’une espèce au 
niveau local apparaît alors comme le produit de son abondance régionale et du taux de 
dispersion limitée (Alonso et al. 2006) (Figure 3). Une hypothèse d’équivalence 
fonctionnelle entre espèces est associée à ce modèle. Cette hypothèse induit le fait 
qu’aucune différence de valeur adaptative entre espèces n’existe et donc que leurs valeurs 
de traits fonctionnels ne sont pas reliées à une quelconque performance locale (Abrams 
2001, Enquist et al. 2002). La non prédictibilité des individus dispersant au niveau local 
qui en découle (Sale 1977, Hubbell 1986) oppose donc ce modèle à ceux mettant en avant 
le compromis entre les capacités de compétition et de colonisation des espèces (Skellam 
1951) et aux modèles basés sur leur niche fonctionnelle (Shipley 2010, Laughlin et al. 
2012). Malgré ces hypothèses fortes, la théorie neutre, extrêmement parcimonieuse en 
hypothèses et en paramètres associés, a été particulièrement efficace dans la reproduction 
des motifs de distribution des abondances locales et de changements de diversité 
taxonomique le long de gradients (Rosindell et al. 2012). La tendance en statistiques étant, 
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à performance égale, de retenir le modèle le plus économe en nombre de paramètres 
(Crawley 2012), le modèle neutre prôné par Hubbell semble plus à même d’appréhender la 
distribution locale des espèces que des modèles basés sur les différences de niche des 
espèces plus demandeurs en paramètres (Munoz et Huneman 2016). 
 
 
Figure 3. Illustration de l’influence des abondances régionales, et implicitement de la limite à la 
dispersion, sur l’assemblage des communautés. Une communauté contenant trois espèces, en 
vert, est insérée dans une métacommunauté, en jaune pâle. La métacommunauté constitue un 
ensemble régional d’espèces dont les abondances sont fortement asymétriques. Au sein de la 
communauté, un individu s’éteint et laisse ainsi une place vacante. La probabilité de colonisation 
Pc des espèces de la métacommunauté est le produit du taux de migration m et des abondances 
régionales spécifiques Jpool. Inspiré d’Alonso et al. 2006. 
 
Les différences de niche et fonctionnelles entre espèces étant cependant évidentes 
(Díaz et al. 2016), le réalisme de la théorie neutre a été questionné à de maintes reprises 
(McGill et al. 2007). Des modèles d’assemblage intégrant l’influence conjointe de 
processus neutres et de niches ont émergé (Chase et Myers 2011, Munoz et al. 2018) 
mettant alors en avant la question de leur influence relative dans l’assemblage des 
communautés le long de gradients environnementaux (Leibold et McPeek 2006, Gravel et 
al. 2006, Adler et al. 2007, Shipley et al. 2012). Si les deux processus agissent de concert, 
il peut être attendu que les influences des abondances régionales, des extinctions 
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stochastiques et du paramètre de migration entraînent une répartition des abondances 
locales différente de ce que l’on pourrait attendre dans le cas purement déterministe prévu 
par l’écologie fonctionnelle. En effet, sous l’hypothèse d’une influence forte de la 
dispersion limitée les espèces les plus proches fonctionnellement de l’optimalité locale, topt, 
ne seront pas forcément à même de s’établir au niveau local tandis que certaines espèces 
plus éloignées pourront s’y maintenir (Hurtt et Pacala 1995, Ozinga et al. 2005). De même, 
une espèce particulièrement abondante à l’échelle régionale, et donc associée à une forte 
probabilité de colonisation (Figure 3), peut fournir par effet de masse (Shmida et Wilson 
1985, Leibold et al. 2004) les communautés locales en propagules qui parviennent à 
s’implanter localement et ce même si leur distance fonctionnelle au topt n’est pas la plus 
faible qu’il soit. Ce type de dynamique entraîne ainsi l’apparition d’un effet de sauvetage 
(rescue effect en anglais, Brown et Kodric-Brown 1977) voire d’effet de stockage (storage 
effect en anglais, Chesson 2000). La déviation de la distance fonctionnelle des espèces à 
l’optimalité locale doit être d’autant plus marquée que l’influence des mécanismes neutres 
est forte. Ces mécanismes sont dépendants d’effet d’échelles (Holyoak et Loreau 2006), les 
dynamiques démographiques de colonisation et de mortalité stochastiques étant plus 
importantes quand les populations sont de petite taille (Karst et al. 2005, Laliberté et al. 
2009), et ce même si les probabilités de survie, de croissance et de reproduction sont 
influencées par les valeurs de trait des espèces. Outre ces effets d’échelles, la neutralité sera 
plus influente si les différences de valeur adaptative entre espèces sont faibles et que la 
zone échantillonnée n’est pas à l’interface de plusieurs gradients environnementaux 
marqués. La théorie neutre a ainsi été illustrée initialement dans des forêts tropicales 
panaméennes relativement homogènes du point de vue de l’environnement abiotique 
(Hubbell 2001). Cependant, si les dynamiques neutres peuvent perturber les liens entre 
distance fonctionnelle à l’optimalité locale et les abondances observées des espèces, toutes 
les espèces ne seront pas affectées de la même manière. Ainsi, au sein d’une communauté, 
l’hypothèse que la stochasticité démographique affecte davantage les espèces rares que les 
espèces abondantes, reflétant davantage l’influence d’un déterminisme environnemental, a 
été émise (Vergnon et al. 2009). 
 
2. Des modèles pour estimer la part relative du déterminisme et de la stochasticité 
Au vu du contraste que peuvent engendrer les processus neutres et de niche sur les 
liens entre abondances locales et valeurs de traits fonctionnels, il apparaît essentiel de 
Introduction générale 
29 
confronter les motifs d’abondance observés dans les communautés aux prédictions 
formulées par un modèle mécaniste qui intègre de manière explicite leurs influences 
relatives. Récemment, des modèles d’assemblage des communautés se sont inscrits dans 
cette logique en conditionnant l’arrivée d’individus au niveau local en provenance d’un 
ensemble régional d’espèces à l’influence des processus neutres et déterministes (Jabot 
2010, Munoz et al. 2018). Ainsi, à partir d’un ensemble régional d’espèces défini a priori, 
la probabilité d’arrivée d’un individu au niveau local peut être conditionnée par des 
processus de dérive écologique, liée aux dynamiques stochastiques de colonisation et 
d’extinction des espèces, mais également par une adéquation avec les conditions optimales 
locales, i.e. des processus déterministes. Cette adéquation peut être modélisée par 
différentes fonctions de filtre, incluant la fonction Gaussienne discutée précédemment 
(Figure 2) qui matérialise le postulat de l’écologie fonctionnelle. La forme de la fonction 
de filtre environnemental peut générer des motifs de diversité locale contrastés (Loranger 
et al. 2018). L’influence des processus stochastiques, elle, est régie par un unique paramètre 
de migration m intégrant de manière implicite les abondances régionales des espèces, le 
taux de migration des individus en provenance de l’ensemble régional ainsi que le taux 
d’extinction local des individus. Le modèle ecolottery (Munoz et al. 2018), abondamment 
utilisé dans ce travail de thèse, permet de générer des communautés par coalescence sous 
l’influence de processus stochastiques et déterministes, principe utilisé de manière plus 
régulière en génétique (par exemple Wakeley 2004) qu’en écologie des communautés 
(Etienne et Olff 2004, Munoz et al. 2007, 2008, 2014, Rosindell et al. 2008). La coalescence 
ne cherche pas à représenter l’ensemble des évènements de colonisation, d’établissement 
et de mortalité ayant abouti à un motif observé de diversité, mais reconstitue la généalogie 
des individus observés (Thompson et al. 2001). La communauté considérée est alors 
associée à une hypothèse d’équilibre dite de jeu à somme nulle. Il est cependant à noter que 
cette hypothèse peut être contournée sous certaines conditions, tout en conservant des 
dynamiques d’assemblages neutres (Haegeman et Etienne 2008). Le nombre d’individus 
de la communauté est ainsi fixé et ce à chaque pas de temps, contrairement à une logique 
séquentielle d’assemblage. La coalescence, en s’abstrayant de chacune des étapes de 
colonisation et d’extinction ayant eu lieu dans le temps précédant l’observation, est bien 
plus économe que le mode de genèse séquentiel. Ce type de modèle permet d’estimer les 
parts relatives de la neutralité et du déterminisme dans l’assemblage des communautés, 
centre d’intérêt devenu primordial depuis l’avènement de la théorie neutre en écologie 
(Rosindell et al. 2011, 2012), via le couplage avec des méthodes d’inférence bayésienne. 
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En effet, avec un modèle mécaniste d’assemblage des communautés, de nombreuses 
simulations peuvent être générées selon une certaine gamme de paramètres relative aux 
influences de la neutralité et du déterminisme. Les simulations peuvent ensuite être 
comparées aux motifs observés et les paramètres d’assemblage les plus probables peuvent 
ainsi être dérivés. Ce type d’approche, par approximation Bayésienne (Csilléry et al. 2010, 
Jabot et al. 2013), constitue une méthode d’inférence autre que celle permise par les 
modèles fréquentistes et un axe d’analyse de la biodiversité complémentaire des 
expérimentations. Cette méthode permet de tester des hypothèses sur les influences de la 
neutralité et du déterminisme ayant cours dans l’assemblage de communautés le long de 
gradients environnementaux et également d’identifier une éventuelle valeur d’optimalité 
fonctionnelle locale. 
 
3. Mécanismes de coexistence et déviation à l’optimalité 
De récentes évaluations du paradigme de l’optimalité ont montré des résultats plutôt 
contrastés (Umaña et al. 2015, Muscarella et Uriarte 2016, Mitchell et al. 2018). Dans ces 
études, un nombre significatif d’espèces sont relativement abondantes tout en étant 
fonctionnellement éloignées du CWM de leur communauté, et donc potentiellement de 
l’optimalité locale. Si Muscarella et Uriarte (2016) observent cette relation en ne prenant 
en compte qu’un unique trait, renforçant l’idée que la distance fonctionnelle à l’optimum 
devrait intégrer plusieurs dimensions du phénotype (Laughlin 2014, Laughlin et Messier 
2015), plusieurs mécanismes peuvent rompre l’équivalence entre CWM et optimalité locale 
attendue par l’écologie fonctionnelle. Umaña et al. (2015) ont ainsi mis en évidence 
l’existence de mécanismes source-puits permettant à certaines espèces pourtant 
fonctionnellement éloignées de l’optimalité locale d’être abondantes, et inversement. Ce 
type de mécanisme est lié aux effets de masse (Leibold et al. 2004) et de limite à la 
dispersion (Hurtt and Pacala 1995, Hubbell 2001) discutés précédemment. La variabilité 
environnementale peut de même entraîner l’apparition d’effets de stockage permettant à 
certaines espèces éloignées de l’optimalité locale de persister (Chesson 1994, 2000). Outre 
ces effets régionaux, les interactions biotiques, et notamment compétitives, entre espèces 
peuvent générer des distributions de traits similaires ou différentes à celles attendues sous 
le seul effet du filtre environnemental (Wisheu 1998, McGill et al. 2006). La compétition 
entre espèces a été pensée de deux manières différentes, d’abord via la limite à la similarité 
(MacArthur et Levins 1967) puis via la compétition hiérarchique (Ågren and Fagerström 
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1984, Goldberg 1990). La limite à la similarité entraîne une baisse d’abondance des espèces 
fonctionnellement trop proches, du fait d’une compétition plus intense, et peut ainsi 
entraîner des distributions fonctionnelles locales différentes de l’attendu de l’écologie 
fonctionnelle (Figure 2). La compétition hiérarchique implique que certaines valeurs de 
trait soient avantageuses peu importe l’environnement, générant de la convergence 
fonctionnelle locale. L’idée que le filtre environnemental puisse entraîner des motifs de 
diversité locale similaires à la compétition a récemment remis en cause son utilité pratique 
(Cadotte et Tucker 2017). Le CWM, et les autres moments agrégés, traduisent l’influence 
jointe de l’ensemble des processus d’assemblage et il convient donc de penser l’optimalité 
fonctionnelle qu’il représente comme une optimalité réalisée, différente de l’optimalité 
fondamentale pensée uniquement au travers de l’action du filtre environnemental. Les 
relations trait ~ environnement au niveau de la communauté illustrent donc le changement 
d’optimalité fondamentale locale mais sont couplées à une influence des interactions 
compétitives moins prévisible. Elles dépendent également du mécanisme dans lequel le 
trait considéré est impliqué, que ce soit une adéquation avec les conditions abiotiques ou 
un processus de compétition, et selon cette implication, différents motifs fonctionnels 
locaux pourront être observés (Herben et Goldberg 2014). Rattacher chaque trait 
fonctionnel au mécanisme de coexistence correspondant apparaît donc comme primordial 
(Adler et al. 2013). Un autre élément essentiel dans la vérification du postulat de l’écologie 
fonctionnelle relève de l’importance de bien caractériser l’environnement abiotique. Cet 
aspect est aussi fondamental que la précision des mesures de traits et l’absence de données 
retranscrivant les forces abiotiques majeures a pu contribuer à l’absence de résultats 
prédictifs probants (Shipley et al. 2016). Par exemple, peu d’études intègrent la composante 
édaphique, pourtant très structurante chez les plantes (Simpson et al. 2016). D’autre part, 
la coexistence d’espèces dépend de la dimensionnalité des contraintes environnementales 
(Harpole et Tilman 2007) et il est essentiel de bien la caractériser.  
 
4. De l’utilité des approches démographiques pour caractériser les liens entre traits 
et performance 
Bien que l’étude des relations trait ~ environnement soit une pratique répandue, la 
capacité des traits à prédire la valeur adaptative des espèces reste largement inexplorée 
(Shipley et al. 2016, Salguero-Gómez et al. 2018). Pourtant, en l’absence de compromis 
physiologique clair et d’hypothèses a priori, les approches corrélatives ne peuvent 
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constituer des preuves tangibles de la valeur adaptative des traits (Moles 2018). En 
complément de ces approches corrélatives, une approche liant directement les taux de 
croissance, ou vital rates en anglais, des individus à leurs traits et leurs environnements a 
alors été mise en avant (Laughlin et Messier 2015, Laughlin et al. 2018). L’étude des taux 
de croissance en fonction de l’environnement est classiquement utilisée en écologie des 
populations mais l’interface avec l’écologie fonctionnelle reste ténue (Salguero-Gómez et 
al. 2018). Ce manque de connexion est préjudiciable, des approches démographiques 
modélisant des dynamiques d’assemblage basées sur les traits pouvant permettre 
d’identifier la contribution des traits à différents mécanismes de coexistence (Adler et al. 
2010, 2013, Teller et al. 2016). Le CWM d’une communauté est une métrique résumant de 
nombreux taux de croissance et les interactions entre espèces sur une longue période de 
temps. Les approches par taux de croissance permettent de détailler le côté intégrateur du 
CWM et de comprendre la part relative de chaque trait sur les dynamiques d’espèces et le 
rôle de différents traits fonctionnels. Bien que coûteuse en données, ce type d’approches a 
récemment vu émerger des résultats prometteurs liant l’environnement abiotique, des 
variations de taux de croissance et de traits fonctionnels (Flores et al. 2014, Blonder et al. 
2018, Garnier et al. 2018). En revanche, plusieurs études ont illustré l’inverse et démontré 
un faible pouvoir explicatif des traits sur les taux démographiques (Poorter et al. 2008, Iida 
et al. 2014, Paine et al. 2015, Yang et al. 2018). Ceci peut être dû au choix des traits, ceux 
couramment utilisés étant ceux apparaissant dans les nuages fonctionnels maximisant les 
différences entre espèces. Or maximiser la différence fonctionnelle entre espèces ne nous 
informe pas sur le lien avec le taux de croissance local (Reich et al. 1997, Wright et al. 
2010, Iida et al. 2014). De manière plus générale, comme rappelé par Adler et al. (2013), il 
est essentiel de comprendre en quoi un trait fonctionnel influe sur la coexistence locale. Il 
convient ainsi d’intégrer les processus de compétition intraspécifique pouvant limiter les 
taux de croissance (Kunstler et al. 2016), les hiérarchies compétitives émergeant en 
fonction de différences de valeurs prises sur certains traits (Freckleton et Watkinson 2001, 
Kunstler et al. 2012) ainsi que les phénomènes de limite à la similarité (Westoby et al. 2002, 
Stubbs and Wilson 2004, Kraft et al. 2008, Paine et al. 2011). Construire un modèle général 
intégrant l’ensemble de ces dynamiques ainsi que l’adéquation avec les conditions 
abiotiques locales permettrait de comprendre davantage les contrastes observés entre les 
approches corrélatives et démographiques (Laughlin et al. 2018) et de mieux quantifier 
l’optimalité fonctionnelle réalisée locale. 
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5. Synthèse : optimalité fonctionnelle et échelles d’organisation de la biodiversité 
 
Ce mémoire de thèse, qui s’inscrit à l’interface de l’écologie des communautés, de 
la biogéographie et de l’écologie fonctionnelle, est donc centré sur la notion d’optimalité 
fonctionnelle locale et des motifs de diversité qui en découlent. Plusieurs postulats sont 
associés à cette notion et sont régulièrement invoqués en écologie fonctionnelle. 
Premièrement, les organismes associés en communautés ne s’assemblent pas 
exclusivement par hasard, certains processus engendrant un assemblage plus ou moins 
déterministe de la biodiversité locale. Cet assemblage déterministe induit que certaines 
valeurs de traits fonctionnels octroient une meilleure adaptation à l’environnement local. 
Cette meilleure adaptation se traduit alors par un meilleur succès de certaines espèces, 
pensé en termes de colonisation, de survie et de reproduction, qui octroie de plus fortes 
abondances relatives. Une fonction Gaussienne de décroissance des abondances relatives 
des espèces à mesure qu’elles s’éloignent fonctionnellement de l’optimalité fonctionnelle 
locale est généralement associée à ce postulat. La moyenne fonctionnelle du trait au niveau 
de la communauté pondérée par les abondances relatives, le CWM, reflète alors l’optimalité 
fonctionnelle locale, et le CWV la force du filtre. Cependant, l’influence de l’histoire 
biogéographique, d’autres mécanismes de coexistence tels que la limite à la similarité et la 
compétition hiérarchique ainsi que des processus stochastiques formalisés par la théorie 
neutre peuvent perturber les attendus sous l’hypothèse seule du postulat de l’écologie 
fonctionnelle. 
 
 Les trois chapitres de cette thèse sont centrés sur ces attendus et se 
définissent de la manière suivante : 
- Émergence de l’optimalité. Comment la caractériser via les relations trait ~ 
environnement à plusieurs échelles ? 
- Qui dévie de l’optimalité ? Le lien avec la spécialisation écologique. 
- Quels facteurs entraînent une déviation de l’optimalité ? De l’influence des 
processus neutres et des mécanismes de coexistence. 
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1. Relations trait ~ environnement au niveau de la communauté 
L’optimalité fonctionnelle locale définit les traits fonctionnels associés à la performance 
maximale des individus dans un environnement donné. Afin de caractériser cette optimalité, il 
convient donc d’opposer différents motifs de diversité fonctionnelle dans des contextes 
environnementaux distincts. L’approche fonctionnelle appliquée à l’écologie des communautés 
offre ce cadre et permet d’établir des relations entre les traits des espèces et l’environnement 
abiotique de la communauté. La performance des espèces peut être estimée par leur abondance 
relative locale. La moyenne fonctionnelle pondérée par les abondances relatives des espèces de 
la communauté, ou CWM pour Community Weighted Mean, peut être considérée comme une 
métrique agrégée qui permet d’estimer l’optimalité fonctionnelle locale. Caractériser un 
changement d’optimalité locale le long d’un gradient environnemental peut alors s’effectuer 
via l’établissement de relations CWM ~ Environnement. 
Nous illustrons une relation de ce type avec la base de données DivGrass qui rassemble 
plus de 50.000 communautés prairiales réparties sur l’ensemble de la France métropolitaine 
dans un article publié en 2017 dans Global Ecology and Biogeography. Cet article illustre 
l’importance de prendre en compte le niveau communauté et les abondances relatives des 
espèces, ainsi que de bien définir une variable environnementale structurante, pour établir des 
relations CWM ~ Environnement significatives et indicatrices d’un changement d’optimalité 
fonctionnelle. 
 
2. Structuration fonctionnelle à plusieurs échelles 
Parmi les nombreux relevés de la base DivGrass, différents ensembles de végétation 
furent échantillonnés. Ce premier article illustrant des changements de CWM le long d’un 
gradient environnemental s’appuie sur la caractérisation à large échelle des prairies françaises. 
Cette caractérisation en différents ensembles de cooccurrence d’espèces distincts a été réalisée 
via l’utilisation de réseaux bipartis. Une analyse de modularité associée à ce type d’objet, liant 
espèces végétales et communautés, permet en effet de ségréger des communautés et des espèces 
qui co-occurrent plus souvent ensemble qu’attendu par hasard. Les réseaux fournissent ainsi un 
cadre conceptuel particulièrement intéressant pour détailler les relations trait ~ environnement 
à large échelle et pour penser l’optimalité fonctionnelle à un niveau d’organisation régional. 
L’ensemble des potentialités permises par ce type d’approche en écologie des communautés est 
synthétisé dans un article qui sera soumis à Ecological Monographs. 
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3. Influences régionales sur l’estimation de l’optimalité 
En dernier lieu, nous illustrons en quoi l’influence de la distribution fonctionnelle 
régionale peut affecter l’estimation de l’optimalité fonctionnelle locale par le CWM ainsi que 
l’estimation de la force du filtre environnemental par la variance pondérée, le CWV. À partir 
d’un modèle d’assemblage des communautés qui intègre un ensemble régional d’espèces, nous 
illustrons comment les limites fonctionnelles de cet ensemble biaisent l’inférence des 
paramètres du filtre environnemental. Nous montrons comment inférer les paramètres du filtre 
environnemental à partir d’une approche Bayésienne appliquée à de nombreuses simulations et 
appliquons également la méthode sur des communautés herbacées alpines. Cette étude a fait 
l’objet d’une publication dans Oikos. Le modèle d’assemblage des communautés, ainsi que 
l’approche Bayésienne associée, seront abordés de nouveau dans le troisième chapitre. 
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Abstract
Aim: Leaf traits strongly impact biogeochemical cycles in terrestrial ecosystems. Understanding
leaf trait variation along environmental gradients is thus essential to improve the representation of
vegetation in Earth system models. Our aims were to quantify relationships between leaf traits
and climate in permanent grasslands at a biogeographical scale and to test whether these relation-
ships were sensitive to (a) the level of nitrogen inputs and (b) the inclusion of information
pertaining to plant community organization.
Location: Permanent grasslands throughout France.
*Benjamin Borgy and Cyrille Voille contributed equally to this work.
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Methods: We combined existing datasets on climate, soil, nitrogen inputs (fertilization and deposi-
tion), species composition and four traits, namely specific leaf area, leaf dry matter content and
leaf nitrogen and phosphorus concentrations, for 15,865 French permanent grasslands. Trait–cli-
mate relationships were tested using the following four climatic variables available across 1,833
pixels (5 km 3 5 km): mean annual temperature (MAT) and precipitation (MAP), and two indices
accounting for the length of the growing season. We compared these relationships at the pixel
level using either using community-level or species’ trait means.
Results: Our findings were as follows: (a) leaf traits related to plant nutrient economy shift consis-
tently along a gradient of growing season length accounting for temperature and soil water
limitations of plant growth (GSLtw); (b) weighting leaf traits by species abundance in local commun-
ities is pivotal to capture leaf trait–environment relationships correctly at a biogeographical scale;
and (c) the relationships between traits and GSLtw weaken for grasslands with a high nitrogen
input.
Main conclusions: The effects of climate on plant communities are better described using com-
posite descriptors than coarse variables such as MAT or MAP, but appear weaker for high-
nitrogen grasslands. Using information at the community level tends to strengthen trait–climate
relationships. The interplay of land management, community assembly and bioclimate appears cru-
cial to the prediction of leaf trait variations and their effects on biogeochemical cycles.
K E YWORD S
community functional structure, environmental gradients, fertilization, functional biogeography,
functional diversity, growing season length, land management, permanent grasslands, plant traits
1 | INTRODUCTION
Leaf traits strongly impact the nutrient, carbon and water cycles of ter-
restrial ecosystems (Chapin et al., 2000; Wang et al., 2012); for exam-
ple, primary productivity across ecosystems is related to foliar nitrogen
concentration (Lavorel et al., 2011; Pontes, Soussana, Louault,
Andueza, & Carrère, 2007), and litter decomposition to leaf dry matter
content (Fortunel et al., 2009; Pakeman, Eastwood, & Scobie, 2011).
Scaling information from traits, which are usually measured at the pop-
ulation or species level, to the ecosystem requires accounting for plant
community organization (which results from community assembly proc-
esses; Lavorel & Garnier, 2002; Suding et al., 2008), which appears to
be a pivotal step to predict terrestrial biogeochemistry (Grime, 1998;
reviewed by Garnier, Navas, & Grigulis, 2016). These advances contrast
with the current representation of vegetation in Earth system models
(e.g., Verheijen et al., 2013), in which (a) the existing trait variation
within broadly defined plant functional types (e.g., C3 and C4 herbs,
deciduous and evergreen trees) is largely ignored (but see Wang et al.,
2012), and (b) the plant community, although a relevant level of organi-
zation to capture the relationships between traits, environments and
ecosystem properties, is overlooked.
So far, studies of leaf trait responses to climate variables over bio-
geographical gradients reveal inconsistencies (Reich, 2014; Violle,
Reich, Pacala, Enquist, & Kattge, 2014). For example, specific leaf area
(SLA; the ratio of leaf area to leaf mass) is found to increase (Read,
Moorhead, Swenson, Bailey, & Sanders, 2014; Simpson, Richardson, &
Laughlin, 2016), decrease (Moles et al., 2014; Wright et al., 2005) or
remain invariant (Onoda et al., 2011) with increasing mean annual tem-
perature (MAT). Likewise, although some studies find an increase in
SLA with mean annual precipitation (MAP) (Moles et al., 2014; Wright
et al., 2004), others show a lack of variation (Sandel et al., 2010) or
even a slight decrease (Wright et al., 2005 for deciduous species) with
MAP. Such inconsistent patterns might arise for several reasons. First,
the climate variables used in these studies might be poor descriptors of
the actual bioclimate sensed by plants (van Ommen Kloeke, Douma,
Ordo~nez, Reich, & van Bodegom, 2012). Second, analyses across bio-
geographical and bioclimatic gradients might be influenced by the pres-
ence or absence of functional groups (e.g., evergreen versus deciduous)
or species with contrasting leaf traits whose response to climate might
differ in strength and even direction (Kikuzawa, Onoda, Wright, &
Reich, 2013; Wright et al., 2005). Third, large-scale studies generally
tend to ignore local drivers, such as soil nutrient availability and land
use, which critically affect leaf traits (Cunningham, Summerhayes, &
Westoby, 1999; Hodgson et al., 2011; Ordo~nez et al., 2009; but see
Simpson et al., 2016). Finally, with very few exceptions (Simpson et al.,
2016; Wang et al., 2016), studies conducted at large spatial scales
ignore the fact that populations of plant species are organized locally in
communities, in which they occur almost always at strongly uneven
abundances. In the majority of such studies, whether a species is abun-
dant or rare is not accounted for, although it can be hypothesized that
the fit between traits and the environment is stronger for abundant
species (Cingolani, Cabido, Gurvich, Renison, & Díaz, 2007; Grime,
1998; Muscarella & Uriarte, 2016). Furthermore, to inform a future
generation of Earth system models, robust relationships between
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climate, soil and traits are required that account for effects of species
abundance within communities (encapsulated into so-called ‘commu-
nity-weighed means’ of traits, hereafter CWM) (Garnier et al., 2016;
Reich, 2014). CWMs capture the fact that traits of dominant species
have a stronger effect on ecosystem properties than traits of species
with low abundance (Garnier et al., 2004; Grime, 1998). To date, how-
ever, very few studies have tested to what extent climate and land
management control the CWM of leaf traits at a biogeographical scale
(but see Pakeman et al., 2009 for an exception).
To investigate the interplay between climate, land management
and leaf traits, we assembled a dataset of unprecedented coverage
across French permanent grasslands, a case study for semi-natural tem-
perate grasslands dominated by C3 herbaceous species. Based on
15,865 botanical relev"es and 1,939 species, leaf trait variations were
characterized across 1,833 pixels at a 5 km 3 5 km grid resolution.
Considering four traits of the leaf economics spectrum (Reich, 2014;
Shipley, Lechowicz, Wright & Reich, 2006; Wright et al., 2004), namely
SLA, mass-based leaf nitrogen and phosphorus concentrations (LNC
and LPC, respectively) and leaf dry matter content (LDMC), we
addressed the following questions. (a) Which bioclimatic descriptor
best captures the spatial variation of leaf traits across the investigated
biogeographical gradients? (ii) What is the benefit of accounting for
plant community structure when examining these trait–environment
relationships? (c) To what extent do local land management drivers
modulate the effect of bioclimatic drivers on trait variation?
2 | METHODS
2.1 | Vegetation relev"es, species distribution and trait
data
We used several sources to assemble a dataset of 51,485 geo-
referenced vegetation relev"es (i.e., a list of species with local abun-
dance) in French permanent grasslands (Appendix, Figure S1 in the
Supporting Information and see Violle et al., 2015 for further details).
The data consist of visually estimated relative cover of all present spe-
cies in homogeneous plots, usually from 25 to 100 m2, using a six-level
abundance scale following the Braun-Blanquet method (Braun-
Blanquet, 1932): 0%–1%, 1%–5%, 5%–25%, 25%–50%, 50%–75% and
75%–100%. We used the median of each class to estimate species’
local abundance within the community. As a result of varying taxo-
nomic conceptions among authors, we merged all intraspecific ranks
(subspecies and varieties) to the species level. In addition to these rele-
v"es, the spatial distribution of 2,464 plant species was retrieved from
the electronic atlas of the French flora (http://siflore.fcbn.fr). These
data, for which the original scale of recording is the administrative terri-
tory of councils (‘cantons’), were aggregated at a resolution level of 5
km 3 5 km.
We extracted individual values of SLA (in in square metres per kilo-
gram), LDMC (in milligrams per gram), LNC (in milligrams per gram) and
LPC (in milligrams per gram) from the TRY database (Kattge et al.,
2011), complemented by data from regional databases (Appendix) to
calculate a mean trait value per species. Trait data from artificial
conditions (e.g., greenhouses or growth chambers) were not retained
for this analysis. Previous analyses have shown that, in spite of a cer-
tain degree of intraspecific variation (e.g., Albert et al., 2010; Kichenin,
Wardle, Peltzer, Morse, & Freschet, 2013), species and community
rankings for traits values measured on site and in TRY remained gener-
ally consistent (Borgy et al., 2017; Kazakou et al., 2014). In addition, a
recent meta-analysis has demonstrated that the relative amount of
intraspecific compared with interspecific variation decreased with
increasing spatial extent (Siefert et al., 2015). We thus assumed that
taking a mean trait value per species does not impede the detection of
trait–environment relationships at the biogeographical scale of the
present study. Further details on trait data availability can be found in
the paper by Violle et al. (2015).
2.2 | Bioclimate and soil data
Monthly means of air temperatures (in degrees Celsius) and monthly
sums of rainfall (in millimetres) for the 1961–1990 period over the
French metropolitan territory were provided by the 1 km resolution
gridded dataset of M"et"eoFrance (Benichou & Le Breton, 1987). Incom-
ing net radiation accounting for topographic effects was calculated at
the French national level according to Piedallu and G"egout (2008). A
one-bucket water-balance model was implemented to estimate the
dynamics of soil available water content (AW; in millimetres). This
model used a Turc-based (Turc, 1961) estimate of potential evapo-
transpiration (PET; in millimetres). Soil water-holding capacity (WHC)
was derived from the 1/1,000,000-scale Soil Geographical Database of
France, following the methodology of Le Bas, King, and Daroussin
(1997) and using the pedotransfer functions from Al Majou, Bruand,
Duval, Le Bas, and Vautier (2008). All climate and soil variables were
spatially interpolated to the 5 km 3 5 km grid cell resolution to match
vegetation data. Monthly climate time series were interpolated at a
daily time step to calculate growing season length (GSL). For each pixel,
AW of day n equalled AW of day n 2 1, plus precipitation and minus
PET. AW was bound between 0 and WHC. The model was run for 10
years with the same climate forcing to estimate the yearly time course
of AW. Growing season length (GSLtw) corresponded to the number of
days in the year for which (a) mean daily temperature was above 5 8C
and (b) the ratio AW/WHC was > 0.2. We also estimated a GSL based
only on temperature (GSLt) or on soil water content (GSLw; Figures S2
and S3 in Supporting Information).
To compare the climatic space covered by permanent grasslands in
France with that covered by grasslands in Europe, MAT (in degrees
Celsius) and MAP (in millimetres) were obtained at the European scale
from the WorldClim global climate data base (http://www.worldclim.
org/current) extracted at a 30 s resolution and aggregated at 5
km 3 5 km to match the final grid cell resolution.
2.3 | Nitrogen input data
Nitrogen input was the sum of organic fertilization, mineral fertilization
and nitrogen deposition. Data were obtained from the census Nopolu-
Agri information system of the French Ministry of Agriculture (http://
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www.statistiques.developpement-durable.gouv.fr). These data were
collected in 2010 through national surveys of the amount of nitrogen
excreted by herbivores and from statistics of the fertilization industry
sector. The dataset for nitrogen atmospheric deposition in 2010 was
provided by the European Monitoring and Evaluation Program (http://
www.emep.int/mscw/SR_data/sr_grid.html). Given that the current
mode of fertilization of French permament grasslands has been in
practice since the beginning of the 1980s (Huyghe, 2009; Palacio-
Rabaud, 2000), we assumed that these nitrogen input data are repre-
sentative of the average input corresponding to the period over which
botanical relev"es were retained for the analyses (see section 2.4
below). These data were available for each French council, whose
mean area is c. 8 km2, similar to the order of magnitude of the climate
grid cell. Given that these data represent coarse estimates of nitrogen
FIGURE 1 Schematic representation of the four methods used to calculate aggregated trait values. Metrics used to calculate average trait
values either take community organization into account (CArM and CWM) or not (GCM_r and GCM_a). For the calculation of community
arithmetic mean (CArM), a mean value was calculated for each trait and relev"e by giving an equal weight to each species. For the
community-weighted mean (CWM) calculation, a mean value was calculated for each trait and relev"e by weighting the species trait values
by the relative abundances of these species within the community. Averages for these two metrics were then calculated at the
5 km 3 5 km grid cell level, by giving an equal weight to each relev"e within each cell. For metrics that do not account for community orga-
nization, trait values of all species occurring in a grid cell, derived from either vegetation relev"es (GCM_r) or distribution maps (GCM_a),
were averaged, with an equal weight given to each species. There is therefore one value per 5 km 3 5 km grid cell for each of the four
metrics. The figure shows examples of calculations for the four metrics using hypothetical trait values for five species; the number of times
a letter representing a species is repeated in a plot amounts to the abundance of this species
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inputs in grasslands at the grid cell level (see section 2.4 below and Fig-
ure S4 in Supporting Information), we did not use these as a continu-
ous variable, but rather subdivided grasslands into two classes
corresponding to low (< 73 kg[N]/ha, the median value of inputs) and
high (> 73 kg[N]/ha) inputs.
2.4 | Data analyses
Four averaging metrics were used to derive aggregated values of leaf
traits (Figure 1). The first two were calculated at the grid cell level and
do not explicitly take into account the organization of species in com-
munities: (a) a grid cell mean (GCM_a hereafter; Figure 1) was calcu-
lated by averaging trait values of all species occurring in a 5 km3 5 km
grid cell (species presence in a grid cell derived from the electronic atlas
of the French flora), irrespective of plant community organization, and
with equal weight given to each species, and (b) a GCM where the spe-
cies presence occurring in a 5 km 3 5 km grid cell are derived from the
geo-referenced relev"es (GCM_r hereafter). Two additional metrics
were calculated at the community level: these are (c) community arith-
metic means (CArM) assessed for each relev"e by calculating a mean
trait value in which equal weight was given to each species, and (d)
community-weighted means (CWM), calculated as for CArM, but in
which trait values were weighted by the relative abundances of species
within the community (Borgy et al., 2017; Garnier et al., 2004). In order
to be able to compare trait–climate relationships for all four metrics
and obtain an accurate estimate of community-level metrics at the
pixel level (cf. Borgy et al., 2017), CArM and CWM values were then
averaged for all botanical relev"es available within a 5 km 3 5 km grid
cell (Figure 1). Overall, there was therefore a single value per pixel for
each of the four metrics compared. To acknowledge the fact that the
FIGURE 2 Climate envelope of grasslands in Europe and in France. Distribution of mean annual temperature (MAT; in degrees Celsius)
and mean annual precipitation (MAP; in millimetres) covered by European grasslands (black), French grasslands (red) and the French
grasslands investigated in this study (green). Distributions of quartiles are shown at the top and at the right-hand side of the figure for each
dataset and each climate variable
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climate signal on traits is more likely to be detected for pixels with a
high proportion of grasslands, values of the four metrics were weighted
by the proportion of grassland in each pixel.
Only relev"es conducted after 1980 were retained, and because
trait values were not available for all species (cf. Violle et al., 2015), we
removed relev"es if the proportion cover (PCover) of species included for
the calculation of the CWM of at least one trait was < 60% (Pakeman
& Quested, 2007; see Borgy et al., 2017 for a detailed discussion on
issues related to threshold values). Grid cells containing at least 20%
grassland cover were retained (cf. Supporting Information Figure S1),
and grid cells with fewer than three relev"es were discarded (see Borgy
et al., 2017; Violle et al., 2015). The final dataset based on vegetation
relev"es included values of the four averaging metrics calculated for
1,833 pixels, representing 15,865 relev"es and 1,939 species (with a
median of five relev"es per pixel). Of these, 9,692 relev"es grouped into
918 pixels corresponded to low-nitrogen-input grasslands, and 6,173
relev"es grouped into 915 pixels corresponded to high-nitrogen-input
grasslands. The dataset based on the electronic atlas, which corre-
sponds to the approach most used in functional biogeography (e.g.,
Swenson et al., 2012), included 1,833 pixels.
We used generalized least-squares (GLS) models to test the rela-
tionships between metrics of aggregated leaf traits and climatic varia-
bles (MAT, MAP, GSLt and GSLtw), while acknowledging the influence
of spatial autocorrelation using the R package nlme. For each trait, we
built alternative GLS models with all climatic predictors but different
spatial structures. One of the models did not include spatial autocorre-
lation structure, whereas the other four included respectively a spheri-
cal, rational quadratic, Gaussian or exponential spatial autocorrelation
structure. We selected the most appropriate spatial structure based on
the lowest Akaike information criteria (Zuur, Ieno, Walker, Saveliev, &
Smith, 2009). For the four traits considered here, the quadratic ratio
spatial structure was the most appropriate spatial structure in GLS
models.
Given that we used GLS models, the goodness of fit of relation-
ships was assessed by calculating the square of the correlation coeffi-
cient (so-called pseudo-R2) between the observed and the fitted
variables (Hosmer, Lemeshow, & Sturdivant, 2013, p. 182). Analyses
were conducted for the whole set of grasslands and by sorting grass-
lands according to the level of nitrogen inputs (low or high; see above).
For each model, we assessed the slope differences between the two
nitrogen input levels using ANOVAs. All statistical operations were per-
formed in R 3.3.2 (R Development Core Team, 2016).
Trait–environment relationships are shown as figures in the main
body of the paper and Supporting Information for selected variables,
and as a Shiny application for all combinations, available at https://
shiny.cefe.cnrs.fr/trait_environment_relationships (see Supporting
Information Application S1 for details).
3 | RESULTS
Permanent grasslands in France are found over a broad climatic range,
from 600 to > 2,000 mm MAP and from 23 to 15.5 8C MAT (red
cloud in the bivariate plot shown in Figure 2); the ranges in precipita-
tions and temperatures covered by the 1,833 pixels of the present
study correspond respectively to 91 and 96% of these ranges (green
cloud in Figure 2). This climate envelope encompassed nearly 80% of
the MAT range and 57% of the MAP range covered by European grass-
lands (grey cloud in Figure 2).
Whatever the metrics used to calculate aggregated trait values,
the GSL that integrates both temperature and soil water limitation on
plant growth (GSLtw) was the best descriptor of leaf trait variation
(Table 1). Compared with GSLtw, the GSL not accounting for soil water
limitations (GSLt), MAT and MAP explained a lower proportion of leaf
trait variation (Supporting Information Application S1). Among the two
latter descriptors, trait variations were more strongly related to MAT
than to MAP, for all four metrics (Table 1). SLA, LNC and LPC were
positively related to GSLtw, GSLt and MAT, and negatively to MAP
(Table 1, Figure 3, and Figure S5 and Application S1 in Supporting
Information); opposite relationships were found for LDMC.
TABLE 1 Pseudo-R2 and direction of relationships of linear models
relating leaf traits to climate descriptors
Trait Averaging metrics MAT MAP GSLt GSLtw
CWM 0.22 (1) 0.038 (2) 0.23 (1) 0.32 (1)
SLA CArM 0.20 (1) 0.018 (2) 0.21 (1) 0.31 (1)
GCM_r 0.21 (1) 0.017 (2) 0.21 (1) 0.30 (1)
GCM_a 0.26 (1) 0.0011 (2) 0.23 (1) 0.38 (1)
CWM 0.16 (2) 0.069 (1) 0.17 (2) 0.21 (2)
LDMC CArM 0.17 (2) 0.048 (1) 0.17 (2) 0.19 (2)
GCM_r 0.15 (2) 0.055 (1) 0.15 (2) 0.14 (2)
GCM_a 0.20 (2) 0.15 (1) 0.21 (2) 0.12 (2)
CWM 0.11 (1) 0.035 (2) 0.12 (1) 0.16 (1)
LNC_m CArM 0.08 (1) 0.0098 (2) 0.08 (1) 0.14 (1)
GCM_r 0.061 (1) 0.012 (2) 0.063 (1) 0.11 (1)
GCM_a 0.041 (1) 0.017 (2) 0.059 (1) 0.11 (1)
CWM 0.14 (1) 0.041 (2) 0.15 (1) 0.19 (1)
LPC_m CArM 0.16 (1) 0.035 (2) 0.16 (1) 0.23 (1)
GCM_r 0.14 (1) 0.026 (2) 0.14 (1) 0.21 (1)
GCM_a 0.092 (1) 0.0091 (2) 0.11 (1) 0.19 (1)
GSLt5 growing season length accounting for temperature limitation;
GSLtw5 growing season length accounting for both temperature and soil
water limitations (for further details, see the Methods and Figure S3 in
Supporting Information); LDMC5 leaf dry matter content; LNC_m5mass-
based leaf nitrogen concentration; LPC_m5mass-based leaf phosphorus
concentration; MAP5mean annual precipitation; MAT5mean annual
temperature; SLA5 specific leaf area. Note. Results are given for the four
averaging metrics used (see Methods and Figure S4 in Supporting Informa-
tion): community arithmetic means (CArM), community-weighted means
(CWM) and grid cell means calculated from relev"es (GCM_r) and from the
electronic atlas of the French flora (GCM_a). The direction of the relation-
ship is given in parentheses. For all models, p-value<1023; n51,833 data
points were included in the models.
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We also investigated whether nitrogen input modulates the cli-
mate signal on leaf traits. Nitrogen input had significant impacts on trait
values irrespective of climate. For any given value of GSLtw, our results
indicated significant upward shifts in SLA, LNC and LPC and a down-
ward shift in LDMC in high-nitrogen-input grasslands (Figure 3). Conse-
quently, the ability to detect significant trait–climate relationships was
dependent upon the level of these inputs; under low nitrogen inputs
the leaf traits were strongly related to GSLtw, whereas under high nitro-
gen inputs the leaf traits were slightly or not significantly responsive to
GSLtw (Figure 3). This translates into significantly higher slope values of
trait–environment relationships for low-nitrogen-input compared with
high-nitrogen-input grasslands for all metrics apart from GCM_a (Figure
4 and Supporting Information Application S1).
Finally, we tested whether the strength of the climate signal on leaf
traits differed when trait means were obtained by accounting for species
abundances in plant communities (calculations of CWM values), neglecting
species abundances (calculations of CArM values), or by simply averaging
trait values of all species occurring within a grid cell (calculation of GCM_r
and GCM_a values; see Figure 1). Results for all combinations of (climate
descriptors 3 metrics) analysed separately for the two nitrogen levels are
FIGURE 3 (a) and (b) Relationships between growing season length (GSLtw) and leaf traits with different levels of nitrogen input. GSLtw
accounts for growth limitations by temperature and soil water availability (see Figure S2 in Supporting Information). In (a), average leaf
traits were calculated taking community organization into account, whereas this is not the case in (b) (see Figure 1 for details). Red and
black dots and lines correspond respectively to high (915 pixels grouping 6,173 relev"es) and low (918 pixels grouping 9,692 relev"es) levels
of nitrogen input, as defined by the median of nitrogen input distribution (see Methods section). In (a), the averaging metrics are as follows:
community-weighted means (CWM; four panels on the left) and community arithmetic means (CArM; four panels on the right), which aver-
age data for all available botanical relev"es within a 5 km 3 5 km grid cell. In (b), the averaging metrics are as follows: grid cell means based
on vegetation relev"es (GCM_r; four panels on the left) and grid cell means based on the electronic atlas of the French flora (GCM_a; four
panels on the right), which average trait values of all species occurring in a grid cell irrespective of plant community organization.
LDMC5 leaf dry matter content; LNC5mass-based leaf nitrogen concentration; LPC5mass-based leaf phosphorus concentration; SLA5
specific leaf area. Equations of linear regressions between traits and climatic descriptors are given in each panel for each nitrogen level (red
characters: high nitrogen; black characters: low nitrogen). For each trait and averaging metrics, an ANCOVA was run to test for the differ-
ence between slopes of the two nitrogen input levels. Results are displayed in each panel, showing the value of F statistics and its signifi-
cance. ***p< .001. **p< .01. *P <.05. 1p<0.1. nsp > .1. The significance level of each individual regression is given in Supporting
Information Application S1
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provided in the Supporting Information Application S1. Here, we focus on
the relationships with GSLtw, the best climate predictor of trait–environ-
ment relationships. Overall, for a fixed trait 3 environmental descriptor
combination, pseudo-R2 values were comparable for all metrics (Table 1,
Figure 3 and Supporting Information Application S1), but slopes differed
substantially among metrics. These were generally steeper for CWMs (Fig-
ures 3 and 4 and Supporting Information Application S1). The same conclu-
sion generally held when GSLtw–CWM and GSLtw–GCM_r relationships
were compared, with generally even gentler slopes for the latter (Figure 4).
There was much less difference between the slopes of the GSLtw–CArM
and GSLtw–GCM_r relationships. Finally, the slopes of the GSLtw–GCM
relationships assessed with floristic relev"es (GCM_r) and species distribu-
tion (GCM_a) were steeper for GCM_r (Figures 3 and 4). The spread of
data points around the regression lines was substantially lower for the
GSLtw–GCM_a relationships than for the three other metrics (compare, in
particular, the GSLtw–LNC relationships for the four metrics in Figure 3).
4 | DISCUSSION
The climate space encompassed by the grasslands studied here is rela-
tively wide and covers a fairly broad extent of the climate space cov-
ered by European grasslands in particular (Figure 2) and by temperate
grasslands in general (cf. Sala, Austin, & Vivanco, 2001). This gives
some confidence as to the generality of the trait–climate relationships
found in the present study for this type of ecosystem.
Among the four climate descriptors tested here, the growing sea-
son length accounting for both temperature and water limitations
(GSLtw) was a stronger predictor of trait–climate relationships than basic
temperature and rainfall variations (i.e., MAT and MAP) commonly used
to study these relationships (e.g., Moles et al., 2014; Onoda et al., 2011;
but see Kikuzawa et al., 2013; Ordo~nez et al., 2009). Large-scale assess-
ments of climate control on vegetation types have already highlighted
the predominant role of soil water balance (Stephenson, 1990) in addi-
tion to that of temperature (e.g., Harrison et al., 2010). Given that GSL
was estimated using the same temperature and soil water content
thresholds for all types of grasslands, its values cannot be considered as
an absolute estimate of the time available for plant activity in a particu-
lar climate. Instead, it should be regarded as a simple way to quantify
the climate constraints that are influential on primary productivity (see
below). Depending on plant community, these values may change (i.e.,
mountain plants having lower threshold values for Growing Degree
Day, and mediterranean plants having the capacity to maintain activity
at lower Soil Water Content than other plants). Using the coarser cli-
mate descriptors, our study showed that leaf traits were more strongly
FIGURE 3 Continued
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related to MAT than to MAP, a result already found in the most exten-
sive study conducted to date at the species level on a worldwide scale
for SLA, LNC and LPC, although with low predictive power (Moles
et al., 2014).
The predominance of species with high rates of resource acquisi-
tion (high SLA, high LNC and low LDMC) under high GSLtw is
consistent with the hypothesis that temperature and water-controlled
estimates of GSL are proximate drivers of ecosystem primary produc-
tivity (Jolly, Nemani, & Running, 2005). Using remotely sensed data to
implement a radiation use efficiency model of gross primary productiv-
ity (GPP) indeed shows that the annual GPP of the studied grasslands
is strongly related to GSL (P. Choler, C. Violle, E. Garnier and the
FIGURE 4 Testing differences in the slopes of trait–climate relationships for the two levels of nitrogen input (N2: low input, in black; N1:
high input, in red). Generalized least-squares (GLS) models, taking into account spatial autocorrelation, were tested for each trait between
growing season length accounting for temperature limitation (GSLtw) and each trait averaging metric: community arithmetic means (CArM),
community-weighted means (CWM) and grid cell mean using relev"es (GCM_r) or the electronic atlas of the French flora (GCM_a). For each
of the 16 models (four traits and four different metrics), we assessed whether the slope difference between the two nitrogen input levels
was significant. Each panel shows the results of the analyses for one trait: LDMC5 leaf dry matter content; LNC_m and LPC_m5 leaf nitro-
gen and phosphorus concentration per unit mass, respectively; SLA5 specific leaf area. Vertical bars show the 95% confidence intervals of
slope estimates for the corresponding GLS model. F statistics from ANOVAs between the two nitrogen levels are shown. ***p< .001.
**p< .01. *p <.05. 1p< .1. nsp> .1
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DIVGRASS consortium, unpublished results), which agrees with the
biogeographical trend of grassland yield observed across France
(Dziewulska, 1990). The trend in trait variation detected here at a bio-
geographical scale complies with what is usually found at a local scale,
where SLA and leaf nutrient concentrations, including nitrogen, usually
increase (e.g., Chollet et al., 2014; Gebauer, Rehder, & Wollenweber,
1988; Poorter & de Jong, 1999), whereas LDMC decreases (e.g., Chollet
et al., 2014; Hodgson et al., 2011), along productivity gradients.
Although our results agree qualitatively with those of Moles et al.
(2014) in terms of the strength of the relationships between traits and
temperature, on the one hand, and traits and precipitation, on the other
hand (see above), the slope of most relationships was actually opposite
in the two studies. Moles et al. (2014) indeed found that SLA, LNC and
LPC tend to decrease with increasing temperature, whereas SLA and
LNC (respectively LPC) tend to increase (respectively decrease) with
increasing precipitation. Among the potential reasons for such discrep-
ancies, two of them might be particularly relevant here. First, the range
of climate conditions covered in the present study represents respec-
tively 40 and 25% of the temperature and precipitation ranges spanned
in the study by Moles et al. (2014), which included a broader range of
climates from tropical to polar. Given that trait response to environ-
mental factors might not be linear (cf. Poorter, Niinemets, Poorter,
Wright, & Villar, 2009 for a curvilinear positive response of SLA to tem-
perature; Wang et al., 2016 for a unimodal relationship between lati-
tude and SLA), spanning different ranges might yield different
outcomes. Second, the response of traits to temperature or precipita-
tion of C3 herbaceous species of the temperate grassland biome might
be more homogeneous than that of species included in the study by
Moles et al. (2014), which encompasses a wide range of species types
(herbaceous, woody, deciduous and evergreens); for example, Wright
et al. (2005) showed contrasting patterns of SLA variation in response
to both temperature and precipitation for deciduous and evergreen
shrubs and trees. More generally, inconsistencies in trait–environment
relationships have been observed for a wide range of trait–environ-
ment combinations, so often that Shipley et al. (2016) identified this
area of research as one of the loose foundation stones of trait-based
research. These authors stressed that the poor identification of envi-
ronmental factors that drive trait variations was one of the main factors
explaining this state of affairs. Here, we argue that GSLtw represents an
ecologically meaningful combination of local environmental parameters
(e.g., soil water-holding capacity) and seasonal climatic variations that
captures the spatial variation of leaf traits at a biogeographical scale
better than the commonly used variables, MAT and MAP.
Differences in the slopes of trait–climate relationships between
the two nitrogen levels were mainly attributable to trait differences in
the lower part of the GSLtw gradient; SLA, LNC and LPC are higher,
whereas LDMC is lower in high-nitrogen grasslands, which are
acknowledged effects of nutrient availability on these traits (see Gar-
nier et al., 2016 for a synthesis). These changes between low- and
high-nitrogen-input grasslands were much smaller in the upper part of
the GSLtw, suggesting that relaxing nutrient stress constraints either by
increasing nitrogen or by improving climatic conditions for plant growth
leads to comparable effects on leaf traits. Under high GSLtw and high
nitrogen inputs, values of SLA, LNC and LPC reached an upper limit,
suggesting that factors other than nitrogen (such as light) then become
limiting or that plants primarily respond by growing to a larger size
while maintaining LNC and LPC. These results differ qualitatively from
those obtained in temperate forests across New Zealand, where the
increase in SLA (CWM) with temperature was found to be higher with
high soil phosphorus availability (Simpson et al., 2016).
The differences in the slopes of the trait–climate relationships
between low- and high-nitrogen grasslands might be the consequence
of differences in species turnover along the climatic gradient. Further
analyses indicated that low-nitrogen grasslands had relatively high spe-
cies compositional turnover along the GSLtw gradient, whereas species
turnover in high-nitrogen grasslands was substantially lower, especially
in the upper range of GSLtw values (Figure S6 in Supporting Informa-
tion). Further refinements on these issues should account for (a) the
impact of disturbance regimes (e.g., frequency and intensity or grazing
and mowing) in addition to that of fertilization for a better assessment
of the effects of grassland management on traits (e.g., Gardarin et al.,
2014; McIntyre, Lavorel, Landsberg, & Forbes, 1999) and (b) intraspe-
cific trait variability (Lep#s, de Bello, #Smilauer, & Dole#zal, 2011; Violle
et al., 2012); the recent meta-analysis conducted by Siefert et al.
(2015) showed that this effect accounted for approximately one-third
of the total trait variation among communities on average, a proportion
which decreases with increasing spatial extent. This study also showed
that the effects were greater for leaf chemical than leaf morphological
traits. It is thus likely that trait–environment relationships detected in
the present study are noisier for LNC and LPC than for SLA and
LDMC. Taking into account these two potential effects would certainly
improve our understanding of trait–environment relationships, but
there are currently no datasets available at regional to continental
scales allowing us to do so.
By neglecting community structuring and/or local species abun-
dance, averaging procedures using GCM and CArM tend to underesti-
mate the effect of climate on leaf trait variations. Our results indicate
that accounting for local species abundance (i.e., when CWM and
CArM, on the one hand, and CWM and GCM_r, on the other hand, are
compared) has the strongest effect on the detection of trait–climate
relationships. Accounting for higher local abundance of stress-tolerant
species (exhibiting low SLA and high LDMC) in the lower part of the
GSLtw gradient and the higher local abundance of species with high
rates of resource acquisition in the upper part of the GSLtw gradient led
to models of trait–climate relationships with stronger slopes and higher
explanatory power. Stronger trait–environment relationships when spe-
cies abundance is taken into account have also been found at a local
scale for several factors (light, soil depth, disturbance, etc.; reviewed by
Garnier et al., 2016), suggesting that more abundant species are better
fitted to local environmental conditions than less abundant species
(Cingolani et al., 2007; Muscarella & Uriarte, 2016). Such effects of
varying species abundance across plant communities cannot be cap-
tured by solely using species presence/absence information per grid
cell, as commonly done in trait-based biogeography (e.g., #Símov"a et al.,
BORGY ET AL. | 1147
2015; Swenson et al., 2012). The study of trait–environment relation-
ships at the species level is nonetheless relevant to address issues
related to species distribution or adaptation, for example. The lack of
differences in slopes of the climate–CArM and climate–GCM_r relation-
ships suggests that considering that species are organized in commun-
ities does not carry additional information at this scale, if local species
abundance is not taken into account. Finally, the lower variation in trait
values observed along the gradient when the GCM_a metrics is used is
likely to be related to the reduced turnover of species between grid
cells compared with species turnover between plant communities.
Based on these results, we conclude that species abundances within
plant communities, and thus accounting for plant community organiza-
tion, should not be overlooked in further attempts to predict trait–cli-
mate relationships at regional or continental scales (Reich, 2014).
4.1 | Conclusions
As the traits investigated are key to plant nutrient economy (Reich,
2014), our findings provide a baseline for improving process-oriented
models of biogeochemical cycling in ecosystems. First, we show that the
effects of climate on plant communities are better described using com-
posite descriptors involving temperature and soil availability than coarse
variables, such as mean annual temperature and/or precipitation. Second,
showing that plant community is a relevant level of organization to cap-
ture trait–climate relationships should prompt Earth system modellers to
pay more attention to ecological processes underlying plant community
assembly and dynamics. Third, continuous trait–climate relationships
allow one to account for trait variation within vegetation types (here
grasslands), and it now becomes feasible to investigate the sensitivity of
Earth system model outputs to improved parametrization of vegetation.
Finally, the interplay of local nitrogen input and global climate drivers
should be given increasing attention in future trait-based models of the
biogeochemical cycles in the grassland biome that has been shaped by
millennia of agro-pastoral activities (Suttie, Reynolds, & Battello, 2005).
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APPENDIX : SOURCES FOR VEGETATION RELEV"ES AND TRAIT DATA
TABLE A1 List of sources for vegetation relev"es
Dataset
Number of relev"es in
the dataset Sources
Conservatoires Botaniques Nationaux (CBN) et F"ed"eration des CBNs 7,765
e-FLORA-sys 1,270 Plantureux & Amiaud, 2010
UCBN (a dataset of permanent grasslands in the north of France) 389
DivHerbe 60 Gardarin et al., 2014
SOPHY (‘Banque de donn"ees botaniques et "ecologiques’) http://sophy.tela-botanica.org/sophy.htm 10,884 Brisse et al., 1995a, 1995b
Total 20,368
Note. References for vegetation relev"es.
Brisse et al. (1995a) Brisse, H., de Ruffray, P., Grandjouan, G., & Hoff, M. (1995). The phytosociological database SOPHY – Part II:
Socio-ecological classification of the relev"es. In 4th International Workshop ‘European Vegetation Survey’ (IAVS)
(Vol. 53, pp. 191–223). Rome, Italy.
Brisse et al. (1995b) Brisse, H., de Ruffray, P., Grandjouan, G., & Hoff, M. (1995). The Phytosociological database SOPHY – Part I:
Calibration of indicator plants. In 4th International Workshop ‘European Vegetation Survey’ (IAVS) (Vol. 53,
pp. 177–190). Rome, Italy.
Gardarin et al. (2014) Gardarin, A., Garnier, E., Carrère, P., Cruz, P., Andueza, D., Bonis, A., . . . Kazakou, E. (2014). Plant trait–
digestibility relationships across management and climate gradients in permanent grasslands. Journal of Applied
Ecology, 51, 1207–1217.
Plantureux and Amiaud (2010) Plantureux, S., & Amiaud, B. (2010). e-FLORA-sys, a website tool to evaluate agronomical and environmental
value of grasslands. In 23rd EGF General Meeting, Kiel, Germany.
TABLE A2 List of sources for trait data
Trait Database(s) Source(s)
SLA TRY, ANDROSACE, DivHerbe, VISTA Bahn et al., 1999; Bernard-Verdier et al., 2012; Cornelissen, 1996; Cornelissen et al.,
2003a, 2004; Cornwell et al., 2008; Díaz et al., 2004; Fonseca et al., 2000; Garnier et al.,
2004, 2007; Han et al., 2005; Kattge et al., 2009; Kleyer et al., 2008; Laughlin et al.,
2010; Ordo~nez et al., 2010; Pyankov et al., 1999; Quested et al., 2003; Shipley, 1995;
Shipley & Vu, 2002; Vile et al., 2006; Wright et al., 2004, 2006
LDMC TRY, ANDROSACE, DivHerbe, VISTA Bernard-Verdier et al., 2012; Cornelissen, 1996; Cornelissen et al., 2003a; Díaz et al.,
2004; Garnier et al., 2007; Kazakou et al., 2006; Kleyer et al., 2008; Shipley, 1995;
Shipley & Vu, 2002
LNC TRY, ANDROSACE, DivHerbe, VISTA Bahn et al., 1999; Cornelissen, 1996; Cornelissen et al., 2003, 2004; Cornwell et al.,
2008; Craine et al., 2005, 2009; Garnier et al., 2007; Han et al., 2005; Kattge et al., 2009;
Kazakou et al., 2006; Laughlin et al., 2010; Ordo~nez et al., 2010; Quested et al., 2003;
Wright et al., 2004, 2006
LPC TRY, ANDROSACE, DivHerbe, VISTA Cornelissen, 1996; Cornelissen et al., 2003a, 2003b; Craine et al., 2009; Garnier et al.,
2007; Han et al., 2005; Kazakou et al., 2006; Laughlin et al., 2010; Ordo~nez et al., 2010;
Wright et al., 2004, 2006
Note. References for trait data. DivHerbe, database from the “Structure, diversit"e et fonctionnement: des cl"es multi-"echelles pour la gestion des prairies
permanentes” project; VISTA, data base from the “Vulnerability of ecosystem services to land use change in traditional agricultural landscapes” project.
Bahn et al. (1999) Bahn, M., Wohlfahrt, G., Haubner, E., Horak, I., Michaeler, W., Rottmar, K., . . . Cernusca, A. (1999). Leaf photosynthesis,
nitrogen contents and specific leaf area of 30 grassland species in differently managed mountain ecosystems in the
Eastern Alps. In A. Cernusca, U. Tappeiner, & N. Bayfield (Eds.), Land-use changes in European mountain ecosystems.
ECOMONT – Concept and results (pp. 247–255). Berlin, Germany: Blackwell Wissenschaft.
Bernard-Verdier et al. (2012) Bernard-Verdier, M., Navas, M. L., Vellend, M., Violle, C., Fayolle, A., & Garnier, E. (2012). Community assembly along a soil
depth gradient: Contrasting patterns of plant trait convergence and divergence in Mediterranean rangelands. Journal of
Ecology, 100, 1422–1433.
Cornelissen (1996) Cornelissen, J. H. C. (1996). An experimental comparison of leaf decomposition rates in a wide range of temperate plant
species and types. Journal of Ecology, 84, 573–582.
(Continues)
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TABLE A2 (Continued)
Cornelissen et al. (2003) Cornelissen, J. H. C., Cerabolini, B., Castro-Diez, P., Villar-Salvador, P., Montserrat-Marti, G., Puyravaud, J. P., . . . Aerts, R.
(2003). Functional traits of woody plants: Correspondence of species rankings between field adults and laboratory-grown
seedlings? Journal of Vegetation Science, 14, 311–322.
Cornelissen et al. (2004) Cornelissen, J. H. C., Quested, H. M., Gwynn-Jones, D., Van Logtestijn, R. S. P., De Beus, M. A. H., Kondratchuk, A., . . .
Aerts, R. (2004). Leaf digestibility and litter decomposability are related in a wide range of subarctic plant species and
laboratory-grown seedlings? Journal of Vegetation Science, 18, 779–786.
Cornwell et al. (2008) Cornwell, W. K., Cornelissen, J. H. C., Amatangelo, K., Dorrepaal, E., Eviner, V. T., Godoy, O., . . . Westoby, M. (2008). Plant
species traits are the predominant control on litter decomposition rates within biomes worldwide. Ecology Letters, 11,
1065–1071.
Craine et al. (2005) Craine, J. M., Lee, W. G., Bond, W. J., Williams, R. J., & Johnson, L. C. (2005). Environmental constraints on a global
relationship among leaf and root traits of grasses. Ecology, 86, 12–19.
Craine et al. (2009) Craine, J. M., Elmore, A. J., Aidar, M. P. M., Bustamante, M., Dawson, T. E., Hobbie, E. A., . . . Wright, I. J. (2009). Global
patterns of foliar nitrogen isotopes and their relationships with climate, mycorrhizal fungi, foliar nutrient concentrations,
and nitrogen availability. New Phytologist, 183, 980–992.
Díaz et al. (2004) Díaz, S., Hodgson, J. G., Thompson, K., Cabido, M., Cornelissen, J. H. C., Jalili, A., . . . Zak, M. R. (2004). The plant traits that
drive ecosystems: Evidence from three continents. Journal of Vegetation Science, 15, 295–304.
Fonseca et al. (2000) Fonseca, C. R., Overton, J. M., Collins, B., & Westoby, M. (2000). Shifts in trait-combinations along rainfall and phosphorus
gradients. Journal of Ecology, 88, 964–977.
Garnier et al. (2004) Garnier, E., Cortez, J., Billès, G., Navas, M.-L., Roumet, C., Debussche, . . . Toussaint, J.-P. (2004). Plant functional markers
capture ecosystem properties during secondary succession. Ecology, 85, 2630–2637.
Garnier et al. (2007) Garnier, E., Lavorel, S., Ansquer, P., Castro, H., Cruz, P., Dolezal, J., . . . Zarovali, M. P. (2007). Assessing the effects of land-
use change on plant traits, communities and ecosystem functioning in grasslands: A standardized methodology and lessons
from an application to 11 European sites. Annals of Botany, 99, 967–985.
Han et al. (2005) Han, W. X., Fang, J. Y., Guo, D. L., & Zhang, Y. (2005). Leaf nitrogen and phosphorus stoichiometry across 753 terrestrial
plant species in China. New Phytologist, 168, 377–385.
Kattge et al. (2009) Kattge, J., Knorr, W., Raddatz, T., & Wirth, C. (2009). Quantifying photosynthetic capacity and its relationship to leaf
nitrogen content for global-scale terrestrial biosphere models. Global Change Biology, 15, 976–991.
Kazakou et al. (2006) Kazakou, E., Vile, D., Shipley, B., Gallet, C., & Garnier, E. (2006). Co-variations in litter decomposition, leaf traits and plant
growth in species from a Mediterranean old-field succession. Functional Ecology, 20, 21–30.
Kleyer et al. (2008) Kleyer, M., Bekker, R. M., Knevel, I. C., Bakker, J. P., Thompson, K., Sonnenschein, M., . . . Peco, B. (2008). The LEDA
Traitbase: A database of life-history traits of the Northwest European flora. Journal of Ecology, 96, 1266–1274.
Laughlin et al. (2010) Laughlin, D. C., Leppert, J. J., Moore, M. M., & Sieg, C. H. (2010). A multi-trait test of the leaf-height-seed plant strategy
scheme with 133 species from a pine forest flora. Functional Ecology, 24, 493–501.
Ordo~nez et al. (2010) Ordo~nez, J. C., van Bodegom, P. M., Witte, J. P. M., Bartholomeus, R. P., van Hal, J. R., & Aerts, R. (2010). Plant strategies in
relation to resource supply in mesic to wet environments: Does theory mirror nature? The American Naturalist, 175, 225–239.
Pyankov et al. (1999) Pyankov, V. I., Kondratchuk, A. V., & Shipley, B. (1999). Leaf structure and specific leaf mass: The alpine desert plants of
the Eastern Pamirs, Tadjikistan. New Phytologist, 143, 131–142.
Quested et al. (2003) Quested, H. M., Cornelissen, J. H. C., Press, M. C., Callaghan, T. V., Aerts, R., Trosien, F., . . . Jonasson, S. E. (2003).
Decomposition of sub-arctic plants with differing nitrogen economies: A functional role for hemiparasites. Ecology, 84,
3209–3221.
Shipley (1995) Shipley, B. (1995). Structured interspecific determinants of specific leaf-area in 34 species of herbaceous angiosperms.
Functional Ecology, 9, 312–319.
Shipley and Vu (2002) Shipley, B., & Vu, T. T. (2002). Dry matter content as a measure of dry matter concentration in plants and their parts. New
Phytologist, 153, 359–364.
Vile et al. (2006) Vile, D., Shipley, B., & Garnier, E. (2006). A structural equation model to integrate changes in functional strategies during
old-field succession. Ecology, 87, 504–517.
Wright et al. (2006) Wright, I. J., Reich, P. B., Atkin, O. K., Lusk, C. H., Tjoelker, M. G., & Westoby, M. (2006). Irradiance, temperature and rainfall
influence leaf dark respiration in woody plants: Evidence from comparisons across 20 sites. New Phytologist, 169, 309–319.
Wright et al. (2004) Wright, I. J., Reich, P. B., Westoby, M., Ackerly, D. D., Baruch, Z., Bongers, F., . . . Villar, R. (2004). The worldwide leaf
economics spectrum. Nature, 428, 821–827.
For traits and relev"es, plant taxonomy followed the TaxRef4 referential (Museum National d’Histoire Naturelle, 2013; http://inpn.mnhn.fr/telechargement/
referentielEspece/referentielTaxo).
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Abstract  
Metacommunity ecology aims to address how species assembly rules within 
communities and regional processes across communities jointly shape diversity dynamics. How 
to infer the contributions of multiple and entangled processes from diversity patterns in 
metacommunities is still a major challenge. A metacommunity can be seen as a bipartite 
network of sites and species in which links represent occurrences of species in sites. The 
architecture of interaction networks has long been studied to address constraints and emergent 
patterns in interactions across organisms, and metacommunity networks have also recently 
proved relevant to disentangle the influence of local and regional processes on metacommunity 
dynamics. Here we review basic concepts and methodological options to analyze 
metacommunity networks and to infer the influence of ecological processes from local to 
regional scale. We address key questions on how biogeography, habitat filtering, dispersal 
limitation, and local species interactions drive species dynamics and co-occurrences. 
Specifically, networks provide an integrative roadmap to study metacommunity ecology with a 
characterization of sets of species and sites strongly linked together in modularity patterns. 
Module metrics then allow characterizing the degree of specialization of species. We illustrate 
the interest of the approach by analyzing a metacommunity network of tree communities in 
North America. Five major species and sites modules displaying contrasted environmental and 
functional identities were identified. The ability of being generalist species was related to tall 
vegetative size and high nitrogen content. Spatial differences between areas predicted by 
species distribution models and observed module envelopes advocate for a joint and consistent 
influence of dispersal limitation and environmental filtering on species distributions within 
modules. 
 
Introduction 
The tendency of organisms to co-occur more or less than expected by chance should 
reflect the influence of ecological processes driving species dynamics and coexistence across 
communities (Diamond 1975, Holyoak et al. 2005). Both local assembly dynamics depending 
on individual life, death and dispersal, and large-scale biogeographical and macroevolutionary 
dynamics should shape co-occurrence patterns in space and time (Marquet 2002, Ricklefs 2008, 
Ricklefs & Jenkins 2011). With rapid accumulation of data on species distributions and 
biological attributes, novel perspectives have been opened to examine what drives the co-
occurrence of organisms over a broad range of spatial scales. These data should allow better 
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understanding how local dynamics scale up and drive co-occurrence from local to regional 
scale, and how large-scale environmental and biogeographical processes conversely determine 
co-occurrence from regional to local scale (Munoz and Huneman 2016, Jiménez-Alfaro et al. 
2018). Here we show how network theory can help deciphering the influence of entangled 
ecological processes in large-scale metacommunities. 
Previous works proposed analyzing species co-occurrence in unipartite networks, in 
which links represent co-occurrence probabilities between nodes representing species 
(Morueta-Holmes et al. 2015). While addressing directly co-occurrence links between species, 
the environmental information associated to species occurrences is lost and has to be added in 
a posteriori analyses. Alternatively, we propose to investigate the drivers of co-occurrence in a 
bipartite metacommunity network including two kinds of nodes, species and sites, and in which 
the links represent occurrences of species in sites (Figure 1; Dale and Fortin 2010: Box1, 
Carstensen et al. 2013). The links starting from a given site represent co-occurring species. We 
advocate that the bipartite formalism allows addressing how the traits of species and the 
environment of sites jointly shape co-occurrence patterns. Contrarily to unipartite networks, 
both information related to species and sites are conserved. We propose an integrative 
framework to assess the imprint of key ecological processes from basic topological properties 
of the bipartite network. 
 
 
Figure 1. From a species-by-sites matrix to a bipartite graph. A species-by-site table is a classical 
presentation of community data (a). The bipartite graph representation (a metacommunity network) 
is composed of two sets of distinct nodes (or vertices in the graph) and a set of links (or edges in the 
graph) that relate nodes of different sets. In the case of ecological communities, a set of nodes includes 
distinct species, and the other set distinct sampling sites. A link between a species and a site means 
that the species occurs in that site (b). The species projected network attached to the bipartite graph 
is used to summarize the patterns of species co-occurrence as a unipartite network of species (c). A 
link between two nodes indicates that two species co-occur in some sites, and the link can be weighted 
to represent the number of sites where the species co-occur (thickness of the line). 
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A basic property of the metacommunity network is called modularity. It represents a 
partition of species and site nodes into modules, such as species are more connected to sites of 
the same module than they are connected to the sites of other modules. Species of a module 
tend to co-occur in sites of the module more often than by chance, based on a null model of 
random association between nodes (Newman, 2006). The deviation from random can reflect 
shared ecological and biogeographical constraints among communities of the module. We relate 
modularity to the concept of "species pool" representing a set of organisms likely to occur in 
the communities of a given area (Gotelli & Ulrich, 2012; Lessard et al., 2012) and/or of a given 
habitat (de Bello et al. 2012). Specifically, if species co-occur more often in a module due to a 
shared biogeographical history, they can represent a biogeographic pool and the sites represent 
the location of communities sharing this history (Carstensen et al. 2013), while if species co-
occur more often due to shared habitat preferences, they represent a functional pool and the 
sites of the module will exhibit particular environmental values. Both habitat and 
biogeographical conditions can determine modularity in a metacommunity network (Jiménez-
Alfaro et al. 2018, Bestová et al. 2018). 
The partition of the metacommunity network into modules represents the architecture 
of biodiversity at a large spatial scale. The modules then provide a context according to which 
the assembly of local communities can be addressed. In this perspective, how species and sites 
are connected within and between modules reflects varying assembly mechanisms in local 
communities. The association of species with sites of their own module or to other modules 
will be related to specialization and migration abilities in the context of one or several modules. 
The influence of local biotic interactions and limiting niche similarity are also expected to 
translate into non-random distribution of links within the larger-scale modules. Furthermore, a 
major advantage of the bipartite network analysis is that it allows addressing the relationships 
between traits of species and environment of sites within and among modules. It then allows 
addressing (i) drivers of trait-environment relationships at multiple scales within and among 
modules, which meets the agenda of functional biogeography (Violle et al. 2014), (ii) 
constraints on local species co-occurrence relatively to co-occurrence at module scale, 
depending on functional dissimilarity and environmental conditions, and (iii) the way 
specialization varies among species depending on their ecological strategies, and among sites 
depending on environmental conditions (Devictor et al. 2010). 
We will integrate the network concepts in a general framework to analyze drivers of 
species co-occurrence in metacommunities. To illustrate the framework, we will analyze a 
metacommunity network of tree communities in North America. Table 1 provides a glossary of 
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the basic graph properties and of the ecological processes that can be addressed by analyzing 
these properties. Figure 2 provides a synthetic scheme of the network-based properties shedding 
light on the drivers of species co-occurrence in the metacommunity. 
 
 
(a) Modularity allows partitioning functional and biogeographical species pools 
 
(b) Nestedness uncovers the signature of dispersal limitation 
 
(c) Functional checkerboardness addresses the effect of limiting similarity 
 
(d) Limited filling of potential species distributions reveals historical biogeographical constraints 
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Figure 2. Signature of ecological processes in the metacommunity network. Three main topological 
properties of the bipartite graph representing sampled ecological communities can be related to 
ecological filters in community assembly. (a) Communities are sampled in two contrasted 
environmental contexts (in green and orange) here along an elevation gradient. The species-by-site 
matrix is represented as a bipartite graph or as a species projected network. The two subsets of species 
and sites correspond to two modules in two networks. 
 (b) There is dispersal limitation among communities in the green environment (upper panel). Less 
isolated communities are more easily colonized and consequently more species-rich, while more 
easily dispersed species can be found in most communities. Sorting species and sites in decreasing 
number of links then shows a partial filling of the matrix of association (middle figure), such that the 
upper triangular part is densely connected, while the lower triangular part is not. This pattern is called 
nestedness. 
(c) Species in orange communities are sorted according to the values taken by each species for a 
functional trait (gradient of color in species symbols). Limiting similarity within communities implies 
that species that are functionally too similar are less likely to coexist. There are resulting gaps in the 
corresponding species-by-site table, a pattern that has been named checkerboardness. A further 
consequence is that pairs of closest species less likely co-occur that pairs of dissimilar species, as 
shown when species are sorted by functional trait values in the projected network ("functional 
checkerboardness"). 
(d) In the lower panel, the spatial extent of a module is materialized by a black contour. Both 
dominance of the communities of a given module and the potential presence of the species belonging 
to this module can be mapped. In map b, the potential habitat of species is spatially congruent with 
the spatial extent of the sites of the module. When the species of the module are predicted present in 
a larger area than the area covered by the sites of the module (blue pixels, map a), biogeographical 
contingency may have limited the ability of species to fill their niche, such as a limited recolonization 
from former refugia. Conversely, if the species are predicted with low probabilities of presence in 
sites of the module (orange pixels, map c), facilitation or source-sink dynamics may allow species 
occupying space beyond their individual potential distributions.  
 
Example dataset: metacommunity network of North American trees 
We analyzed a metacommunity graph including forest tree communities in North-East 
America. The Forest Inventory and Analysis (FIA) National Program of the US Forest Service 
(FIA; FIA Database Description and User’s Guide Version 3.0, available online, 
http://fia.fs.fed.us) provides occurrences of 200 tree species in 75.661 sampling points, at the 
East of 95°W in USA. These data were previously used to test several hypotheses including 
niche conservatism (Hawkins et al., 2014), biogeographical variation in functional traits 
(Swenson & Weiser, 2010), stress dominance hypothesis (Coyle et al., 2014), range expansion 
in response to climate changes (Zhu et al., 2012) and also estimation of litter carbon stocks 
(Domke et al. 2016). These studies have shown that environmental filtering is a major 
determinant of community assembly and species distributions in these forest tree communities. 
In addition, tree species distributions have been shaped by glacial cycles, which entailed 
survival of taxa in refugia at coldest times and subsequent migration from the refugia 
(Jaramillo-Correa et al. 2009). The metacommunity framework thus offers an ideal approach to 
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examine how environmental filters and biogeographic history jointly shape tree biodiversity at 
large scale. 
We defined a grid of 2739 20x20 km cells in which 50 or more tree species occurrences 
were reported. The metacommunity graph included the occurrences of 200 tree species in these 
cells. We analyzed the modularity of the FIA metacommunity network by applying the 
algorithm of Blondel et al. (2008) in Matlab language, which is designed to handle large graphs. 
Both tree species and cells of the grid were partitioned into modules. 
The database and Coyle et al. (2014) provided data on functional traits, namely, Specific 
Leaf Area (SLA), Vegetative Height (H), Seed Mass (SM, log transformed), Wood Density 
(WD) and Lead Nitrogen (LN). These traits are related to fundamental dimensions of plant 
ecological niches regarding resource acquisition and conservation, competition and 
establishment abilities, respectively (Westoby 1998, Chave et al. 2009, Díaz et al. 2016). We 
calculated the mean values of traits weighted by species abundances in local communities 
(CWM), and we averaged the CWM values per 20x20 km cell. We compared the average CWM 
across the modules of the metacommunity network. 
We extracted the values of 19 bioclimatic variables from the Worldclim 2 database 
(Hijmans et al., 2005) for each of the primary 110 855 sampling points. We calculated the 
average values of the variables in 20x20 km cells across the modules of the metacommunity 
network. We identified major dimensions of environmental variation by performing a Principal 
Component Analysis (PCA) of these variables. Two main axes explained respectively 65.02% 
and 12.51% of the variation. The first axis reflected temperature variation along a latitudinal 
gradient. The second axis further reflected san influence of seasonality (Appendix A). In 
addition, we calculated an average species distribution model from Generalized Linear Model, 
Generalized Additive Model, Classification Tree Analysis and Random Forest methods, with 
the R package biomod2 (Thuiller et al. 2009), based on tree species occurrences at the primary 
sampling points. To avoid biased predictions, we removed the rarest species and SDMs were 
run only for the 100 species having more than 50 occurrences. For each tree species, we 
randomly selected 80% of occurrences for training, and used the remaining for test. We defined 
predicted occurrences based on a threshold maximizing the sum of sensitivity and specificity 
and the area under curve (ROC). For each 20x20 km we then averaged the predicted probability 
of presence of the species of each module. The cell was then attributed the module value of the 
highest predicted probability sum. We also counted the number of sites per cell belonging to 
each module and identified the module with greater number of sites per cell. We thus derived 
two indicators per cell relative to the predicted areas per species and to the sites belonging to 
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each module. If both indicators were congruent, the spatial extent of the module covered well 
the potential habitat of the species. Otherwise, the spatial extent of the module was more or less 
restricted than the potential habitat (Figure 2d). 
  
Network-based framework for metacommunity analysis 
Modules represent functional and biogeographic species pools 
Which species can establish in a community according to a regional biogeographic 
context, the local environmental conditions and the species biological properties is a central 
question in community ecology (Lortie et al., 2004; de Bello et al., 2012). When some species 
are absent because their niche does not fit the local environment, distinct groups of species 
related to distinct groups of sites constitute environment-based species pools (de Bello et al., 
2012). When species are absent because they evolved in other regions or are restricted in a 
climatic refugia due to past climatic influences, distinct groups of species related to distinct 
groups of communities constitute biogeographical-based species pools (Carstensen et al. 2013). 
Modularity is a basic property of the metacommunity network representing the extent 
and the scale of heterogeneity in species co-occurrence patterns (Table 1). Modules are sets of 
species and sites that are more often related than expected in a random situation (Figure 2a). 
The sites of a module share more species than expected by chance, and species that belong to a 
module co-occur more often than expected by chance, a property measured by the modularity 
statistic, Q, belonging to the [0, 1] interval. A great deal of research has addressed how to find 
a partition into modules that maximizes Q for a given graph, (Guimera et al. 2004, Newman, 
2006; Blondel et al., 2008). When Q equals 1, sites and species are perfectly segregated into 
distinct sets of nodes whereas the minimal value indicates an absolute turnover between sites 
and species (Leibold and Mikkelson 2002). This ‘optimal’ partition represents an inherent 
heterogeneity of community composition in the metacommunity. Characterizing the modularity 
of a metacommunity network should inform on the inherent structure of species pools, either 
due to biogeographical isolation (Carstensen et al., 2013) or to environment-based filtering 
(Baselga, 2010): 
The ‘functional pool’ hypothesis 
Species can co-occur more often than expected by chance if (i) they share niche 
preferences, and (ii) there is environmental variation between sites related to these niche 
differences (de Bello et al., 2012). To test the functional pool hypothesis, we must therefore 
investigate the variation of site and species properties among modules. Functional traits 
represent biological attributes related to survival and reproduction abilities in a given 
Estimation de l’optimalité 
57 
environmental context (Violle et al., 2007). Significant covariation of environmental factors in 
sites and functional traits across modules imply that the modules represent a large-scale 
segregation of functional groups in distinct environmental contexts. It scales up the trait-
environment relationships across communities (Violle et al. 2014) to trait-environment 
relationships across functional species pools. 
The metacommunity network of the example tree metacommunity in North America 
displayed 5 modules, each including 42, 49, 38, 40 and 31 species, and 905, 694, 536, 417 and 
187 20x20 km cells, respectively with a modularity coefficient Q = 0.32. Figure 3a shows the 
spatial distribution, Fig. 3b the variation in environmental conditions, and Fig. 3c the variation 
in functional traits among these modules. Appendix B further includes detailed species 
composition and corresponding c-z values. We found high spatial patterning of the modules, 
which could be either due to zonation of taxa with distinct environmental niches (functional 
pools) and/or to different biogeographical histories (biogeographical pools). We performed 
Kruskal-Wallis tests of the variation of community weighted mean traits (Specific Leaf Area, 
SLA, Vegetative Height, VH, Seed Mass, SM, Wood Density, WD, and Lead Nitrogen, LN) 
between modules. We found significant variation of functional composition across modules 
(Table 2). Module 1 represented the context of northern hardwood forests, one of the major 
ecoregion of North America (Cooperation, 1997; Dyer, 2006). It included species with light 
seeds and low wood density, and the three most widespread species were Acer rubrum, Populus 
tremuloides and Betula papyrifera. These forests grow on generally nutrient-poor soils of 
moraine origin, which were covered by ice during the last glacial maxima. Module 2 
represented the context of taller hardwood species (higher H and WD values) found at medium 
latitudes on fertile soils in the study area (Dyer, 2006), such as many Carya and Quercus species 
(oak-hickory forests), which are late-successional and competitive species. Module 3 did not 
depart from the other modules in terms of species functional traits, but was spatially 
circumscribed to the Appalachian area (Ozark, Ouachita-Appalachian Forest ecoregion, 
(Cooperation, 1997)). It encompassed the species-rich mesophytic forests of Appalachian area 
(Dyer, 2006). Important refuges were located South of the Appalachia during the last glacial 
maximum (Soltis et al., 2006), and the module included endemic relicts that have little migrated 
from the refuges, such as Castanea dentata (Davis, 1983). Module 4 was representative of 
floodplain forests in alluvial valleys of the center of the area, with Ulmus spp., Fraxinus spp., 
Alnus glutinosa, Populus deltoides and Platanus occidentalis, among other typical riverside 
species. Module 5 was southernmost and included subtropical evergreen species with 
significantly lower SLA and lower leaf nitrogen content (Dyer, 2006). It encompassed coastal 
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swamp communities and included for instance the specialized pneumatophore-bearing 
Taxodium ssp. The modules therefore represented fundamental functional and biogeographic 
patterning in the metacommunity network. 
 
(a)  (b)
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(c)  
Figure 3. (a) Spatial distribution of the modules of the FIA tree metacommunity network, (b) 
environmental variation among modules according the first PCA dimension on bioclimatic variables 
related to temperature values and seasonality, and (c) functional trait variation among species across 
modules of the. The modules have been named based on the species composition of each module. 
 The ‘biogeographical pool’ hypothesis 
Species can co-occur more often than expected by chance if they share a common 
biogeographical history, due to shared evolutionary history, co-distribution in past refuges 
and/or similar migration pathways (biogeographic pool, Carstensen et al., 2013). In this case, a 
spatial coherence of the sites of a module can be related to information on biogeographical 
scenarios and refuges. While functional variation across such biogeographical modules can still 
reflect different environmental contexts, biogeographical vicariance can entail similar 
functional composition across spatially distinct biogeographical pools. There can be a 
combination of functional and biogeographical structuring across modules. For instance, 
Bestová et al. (2018) showed that some modules of freshwater green algae could include sites 
with comparable environmental conditions and species with comparable functional traits, but 
still be segregated in space across Europe. In this case, incomplete recolonization from refugia 
could entail specific spatial structuring of the biogeographical pools (Svenning and Skov 2007). 
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The bipartite structure of the metacommunity network allows detecting how historical 
constraints shape modules by (i) calculating potential habitats and distributions of species in a 
module based on their niche preferences at present, (ii) comparing the spatial extent of the 
potential distribution with the spatial extent of the sites of the same module. If species could 
not fully recolonize suitable environment from past refugia (Normand et al., 2011), we expect 
a mismatch between potential habitats of species and the spatial extent of the module (Figure 
2d). 
We thus performed species distribution models based on bioclimatic data and species 
presence-absence information in the FIA tree metacommunity network. We projected the 
predicted probabilities of presence given by the models for each species in the pixels of the 
metacommunity network. For each pixel, we averaged the predicted probabilities of presence 
and assigned to the pixel the identity of the module having the highest average probability. In 
parallel, we counted the number of sites belonging to each module within each cell and assigned 
the dominant module to each cell. We could identify cells predicted only suitable from the 
SDMs, belonging to the module but not predicted from SDMs, or predicted for both. The 
relative frequency and distribution of the three categories allowed identifying the imprint of 
biogeographical constraints on niche filling in each module (Figure 4). 
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Figure 4. Three categories of spatial cells characterizing each module of the FIA tree metacommunity 
network. The black cells are predicted only suitable from the SDMs, the orange cells belong to the 
module but not predicted from SDMs, and the green cells are predicted for both.  
 
Table 1. Proportion of cells predicted suitable from the SDMs of the species of a module, including 
sites of the module, and meeting the two conditions, for the FIA tree metacommunity network. The 
proportions correspond to the relative frequency of coloured pixels in Figure 4. 
Module Both Sites only SDMs only 
Northern hardwood 85% 2.7% 12.3% 
Taller hardwood 51.8% 32.7% 15.4% 
Appalachian 47.7% 15% 37.2% 
Floodplain 74.5% 16.1% 9.5% 
Subtropical evergreen 80.8% 11.1% 8.1% 
  
A low percentage in the “both” category indicated that the sites of the module only 
represented a small proportion of the potential distribution of the species in the module. 
Appalachian species were predicted present in a larger area than the sites of the module, and 
the spatial extent of the module could reflect the past refugial distribution, with limited 
colonization of suitable habitat in present-day climate (Svenning and Skov 2007). Conversely, 
sites of the taller hardwood module occupied a larger geographical area than the predicted 
presences of its species potentially indicating that large-scale population and source-sink 
dynamics maintain locally the population of its species. Three other modules showed more 
congruent SDM and site distributions. 
  
Co-occurrence within modules inform on local assembly processes 
All the species of a module are not necessarily found in all the sites belonging to this 
module, because of (i) contingency of dispersal, establishment and demographic stochasticity, 
and (ii) biotic interactions occurring within communities (Lortie et al., 2004; Ulrich & Gotelli, 
2007). The consequence is an apparent loss of species in local communities compared to the 
composition of the pool (Vellend, 2010; Lessard et al., 2012). In the following, we will show 
how the structure of species-site associations within modules can inform on the relative imprint 
of dispersal limitation and limiting similarity within the modules. 
  
Migration limitation within modules 
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A species pool represents a reference context of organisms susceptible to establish and 
compete for survival and reproduction in local communities (Lortie et al. 2004, Cornell and 
Harrison 2014). Only a subset of species of the regional pool is found in a local community, 
and the composition varies from a community to another. Migration limitation contributes to 
such discrepancies and affects compositional variation between sites within modules (Munoz 
et al. 2008). In this case, the composition of species-poor communities is expected to be a proper 
subset of the composition of species richer communities and of the pool of species yielding 
immigrants, a pattern called nestedness (Wright et al., 1998; Krasnov et al., 2011) (Baselga, 
2010) (Figure 2b). Assessing nestedness has been a popular way to infer dispersal and 
establishment limitation in the context of insular biogeography (Atmar & Patterson, 1993; 
Wright et al., 1998; Higgins et al., 2006; Carstensen & Olesen, 2009). However, a nested 
pattern of species co-occurrences is frown with ambiguity as it can also be influenced by other 
processes (Ulrich et al., 2009; Ulrich & Almeida-Neto, 2012). Nestedness analyses have been 
criticized for their lack of reliability and sensitivity to modularity, leading to weak statistical 
power (Fortuna et al., 2010). In order to disambiguate the signature of migration limitation, a 
more explicit account of spatial constraints is needed. Isolation-by-distance is a basic 
expectation of limited dispersal, such that the composition of communities is more dissimilar 
when they are taken further from one another (Chave & Leigh, 2002; Condit et al., 2002). A 
pattern of dispersal limitation can then be assessed among the sites of a given module, by testing 
the decay of co-occurrence probability with geographical distance (Bestová et al. 2018). 
  
 Scaling of biotic interactions 
A long-standing hypothesis of community ecology is that species with similar niches 
co-occur less often than expected (limiting similarity, Abrams, 1983). For instance, a pattern of 
limiting similarity is expected as the result of negative (competition, MacArthur & Levins, 
1967; Abrams, 1983) or positive (facilitation, Valiente-Banuet & Verdú, 2007) biotic 
interactions. Compared to a null situation without such limitation, ‘negative’ or less-than-
random co-occurrence patterns will be found between species even though they share 
fundamental niche requirements (Diamond, 1975). Metrics of "checkerboardness" (Figure 2c, 
center), such as the C-score of (Stone & Roberts, 1990), have been proposed to measure such 
negative co-occurrence patterns {Diamond, 1975 #421; Gotelli, 2002 #1963; Stone, 1990 
#3128}. Species co-occurrences counts can be compared against the hypothesis of a random 
distribution of links between species and sites in a module. Recent probabilistic approaches 
have been proposed to test the more or less frequent than random co-occurrence of species 
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(Veech, 2013), including graph-based methods (Tumminello et al., 2011). A test of non-random 
co-occurrence patterns in metacommunity modules allows addressing the spatial scaling of 
biotic interactions in a consistent environmental and biogeographic context (Araújo & 
Rozenfeld, 2014). The upscaled signature is assessed based on the relative importance of 
communities where only one species of a given pair is found ("checkerboard units", Stone & 
Roberts, 1990). When limiting similarity and exclusion occur, this score increases. Without 
information on species niche differences, however, it is difficult to distinguish whether less-
than-random species co-occurrence is due to different fundamental niches or to biotic 
interactions. That is why this analysis should concern species belonging to a same functional 
pool or module identified at a previous stage. Furthermore, negative co-occurrence pattern, 
a.k.a checkerboardness, is expected to reflect limiting similarity insofar as it is related to species 
differences over one or several niche dimensions. In the context of functional ecology, a way 
to address this hypothesis is to test whether species co-occurrence is related to differences in 
functional traits (Wilson & Stubbs, 2012; Laughlin & Laughlin, 2013). Assessing the 
"functional checkerboardness" of modules should thus inform on the niche dimensions subject 
to limiting similarity in local communities (Figure 2c, right). 
 
 
Characterizing ecological specialization across modules 
We have shown that modules of the metacommunity network allow identifying species 
pools related to separable environmental and biogeographical backgrounds. But we have also 
underlined that the species of a given module can occur in sites of other modules. In other 
words, there is no strict boundary between modules (Figure 3). There is a continuum of 
situations from perfectly distinct pools without links between them, to a continuous ecological 
gradient where modules broadly overlap. Such range of situations has been coined ‘boundary 
clumping’ (Leibold & Mikkelson, 2002). A site linked to species of many modules can reflect, 
e.g., a local ecotone context or source-sink dynamics (Mouquet & Loreau, 2003). A species 
related to sites of many modules can reflect, e.g., great dispersal or competitive ability, or 
ecological generalization. 
Assessing the relative density of links from nodes within and between modules conveys 
insight into the ecological properties of species and sites. This contribution is quantified through 
two complementary statistics, the relative within-module degree, z, and the among-module 
connectivity, c (Guimera & Amaral, 2005a), defined for each species and each site of the 
metacommunity network. The number of occurrences of a species in sites of its native module 
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is standardized according to the degree of other species of the module, to represent the relative 
intra-module degree, z (Guimera & Amaral, 2005a). The larger the z-score, the more 
widespread is a species in sites of its module. The z value is thereby an index of commonness 
relatively to the other species of the module that share the same biogeographical and functional 
background. On the other hand, the among-module connectivity, c, represents the proportion of 
occurrences of a species outside its native module (Guimera & Amaral, 2005a). It therefore 
measures how well connected is a node to other modules than the one it belongs to. 
A species with higher c will tend to more often occur in other modules than in its native 
module. This measure thereby extends the concept of fidelity (Chytry et al., 2002) to the 
environmental and biogeographical contexts of modules. Insofar as the modules characterize 
different ecological contexts or functional pools, a higher c reflects species occurrence in more 
diverse environmental conditions. c then provides a measure of ecological generalization along 
a spectrum of environmental conditions partitioned into modules (Denelle et al. submitted). To 
further summarize species ecological properties attached to varying c and z values, one can 
decompose the c-z plan into 4 categories (or in 7 categories as in Guimera & Amaral, 2005a; 
Olesen et al., 2007) (Figure 5). It allows defining several forms of ‘rarity’, and to renew the 
scheme proposed by Rabinowitz (1981) using a network-based approach. Species with high c 
and high z are both widespread in their native module and in other modules, and are called 
network hubs. Species with high c and small z are conversely called connectors. Species with 
small c and high z are called module hubs, and species with small c and small z are called 
peripherals. The interpretation of the role of species in the c-z space depends on the nature of 
the modules. If the modules represent functional species pools related to distinct 
ecophysiological adaptations, species with low c will be ecologically more specialized to their 
native module, while species with large c will be generalists. If the modules represent 
biogeographic pools, species with large c will occupy a large biogeographical range, while 
species with low c will be restricted to a particular biogeographical context, possibly related to 
past refugia or vicariance effect. In any case, the z-value represents the level of species 
commonness in the context of its native module. A central issue is to assess whether trade-offs 
in species c and z values are somehow reflect some trade-offs in their ecological properties. 
Comparing the c-z attributes to the biological and ecological properties of nodes, such as 
species’ functional traits (e.g. related to resource acquisition, stress tolerance, or reproductive 
strategies) and sites’ characteristics (e.g. resource availability, climatic and soil constraints) 
uncovers drivers of regional rarity and ecological specialization (Denelle et al. in prep). If there 
is a specific adaptation to the ecological context of a functional module, species that are 
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specialist to this context should display low c values, because they are not found in other 
environmental contexts. 
 
  
(c)  
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Figure 5. Role of species in the metacommunity network. (a) The species-by-site table includes two 
modules as in previous Figure 2a, but some additional extra-module links, shown in grey, indicates 
that species of the green module occurs in sites of the red module, and conversely. (b) The relative 
within-module degree z is shown on ordinates to represent species rarity in sites of their own module, 
while their coefficient of participation c on abscissa indicates their range width across modules, 
namely, their ability to be found in the context of various modules. (c) Distribution of c-z values 
across the modules of the FIA tree metacommunity. (d) Variation in functional trait values among 
specialist and generalist tree species. Generalist and specialist species were defined as the species 
falling into the extreme quartiles of the participation coefficient c. 
In the FIA tree metacommunity, the floodplain module displayed highest values of 
coefficient participation (Figure 5c). This ecosystem thus appears to be primarily made of 
generalist species also found in other kinds of forests. Generalist and specialist species were 
defined as the species falling into the extreme quartiles of the participation coefficient c. While 
specialist species did not differ in terms of functional traits, generalists displayed higher leaf 
nitrogen content and had taller vegetative heights. Both these trait values can be related to 
competitive abilities (Givnish 1982) and fast resource acquisition (Wright et al. 2004). This 
result support recent conclusions linking the ecological generalization and competitive ability 
(Boulangeat et al. 2012, Denelle et al. submitted). 
  
Discussion 
Understanding how long-term regional dynamics and shorter-term community assembly 
jointly shape diversity patterns observed at present has become a primary goal of community 
ecology. Analyzing metacommunity composition synthesizes biodiversity patterning from local 
to regional scales, and represents how the composition of local communities change in space 
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and along environmental gradients. A metacommunity can be seen as a bipartite network in 
which links represent occurrence of species nodes in site nodes. Ecological and biogeographical 
processes are expected to influence the distribution of links in the network depending on species 
properties, such as functional traits, and environment in sites. Therefore, analyzing the 
architecture of a metacommunity network by essence sheds light on the processes driving 
occurrence and co-occurrence patterns throughout communities. Here we have proposed a 
synthetic methodological framework to disentangle the signatures of these processes in network 
architecture. With greater availability of large-scale and intensive surveys of species 
distributions, of trait information and of high-resolution environmental data, metacommunity 
network architecture should unravel the contributions of processes playing over a broad 
spectrum of spatial and temporal scale. 
 
Uncovering a hierarchy of ecological dynamics 
A standard approach in community ecology is to investigate local assembly rules 
relatively to the composition of a reference species pool providing immigrants (Lortie et al. 
2004, Cornell and Harrison 2014), but the way to define species pools remain contentious and 
arbitrary choices can greatly influence the conclusions (Lessard et al. 2012). Here we propose 
a network-based approach to characterize the ecological and spatial coherence of species pools 
underlying the dynamics of a metacommunity. The modules represent sets of species and sites 
such that the member species tend to occur more often in the member sites than in other sites, 
and the sites have more similar composition than with other sites. The modules are defined 
relatively to a reference null distribution of links and thus reflect non-random coherence 
structure in the metacommunity. The biogeographical and ecological nature of modules can be 
tested based on the how the functional traits of member species and the environmental 
conditions in sites differ from species and sites from other modules, respectively (e.g., Bestová 
et al. 2018). We have shown in the modularity analysis of a tree metacommunity in North 
America that the modules represent different functional pools of tree species with distinct 
adaptations to bioclimatic contexts. In addition, the modularity also grasps the biogeographical 
legacy of past refugia in Appalachia, which is still revealed by the co-occurrence of range 
restricted tree taxa at present. Modules have also been shown as a more precise description 
vegetation patterns than clustering methods based on multivariate analysis such as 
Correspondence Analysis (Bloomfield et al. 2018). 
The methodological framework proposed here is built upon a top-down scheme, i.e., it 
first identifies large-scale co-occurrence structuring and regional pools and then investigates 
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the influence of local assembly rules conditionally to the composition of the pools. However, it 
does not mean that it hypothesizes some top-down forcing of regional processes. On the 
contrary, the modularity analysis allows identifying how ecologically coherent grouping 
emerges from repeated environmental and biogeographical constraints over the communities 
making the modules. Therefore, it can reflect bottom-up feedback of consistent ecological 
dynamics playing over many communities. It is also in line with recent advances with species 
distribution modelling approaches that first identify a large-scale template of environmental 
gradients determining species occurrences and co-occurrences, and then determine examine the 
contribution of more local dynamics at finer scale (Guisan and Rahbek 2011, Keil et al. 2013). 
 
A network perspective for functional biogeography 
Functional biogeography is a recent research field that revisits the conceptual 
foundations of macroecology by focusing on how the turnover in functional composition of 
assemblages, and not only their taxonomic turnover, is shaped by environmental constraints 
and ecological dynamics at a large spatial scale (Violle et al. 2014). It extends beyond the 
context of functional ecology that addressed the influence of community assembly rules on 
local functional composition (McGill et al. 2006). Here the modularity analysis provides tools 
to undertand biodiversity structuring across local and regional scales. How functional 
composition changes within and between modules allows testing hypotheses on how the local 
constraints on functional composition spread across communities and influence of larger-scale 
pool structuring. In addition, the functional overlap of modules should reflect the way 
ecological specialization emerges and differ across modules representing varying 
environmental contexts. The linkage of functional traits with ecological generalization in the 
network can be assessed to determine the signature of specialization across functionally distinct 
pools. In this perspective, the bipartite nature of metacommunity networks and their modularity 
structure offers a new way to examine trait-frequency relationships at the level of species pool 
structure, and paves the way for a network-based approach of functional biogeography. 
 
Network-based tests of biodiversity structuring at multiple scales 
A major challenge in community ecology is to design appropriate null models to assess 
whether patterns of diversity are consistent or not with some putative ecological processes 
(Gotelli & Ulrich, 2012; Lessard et al., 2012). Randomization methods are applied to the 
composition of communities (Gotelli & Entsminger, 2003) or to the ecological properties of the 
species (e.g., to functional traits related to resource acquisition, Stubbs & Wilson 2004), so as 
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to generate random communities in which some features are allowed to vary while others are 
fixed (Gotelli & Graves, 1996). Patterns in real communities are then compared to those in 
random communities, to test the effect of non-random processes. In the context of a bipartite 
graph of communities, randomizing species composition across communities means building a 
random distribution of the links (Ulrich & Gotelli, 2013). Such randomization can be performed 
to test the topological properties of the network (e.g., Martos et al., 2012), as well as the c-z 
attributes of the nodes in modules. In the latter case, the null model must be constrained so as 
to permute only links within a module, and thereby allows testing hypotheses on ecological 
specialization within modules. Such an approach has already been proposed to test departure 
from random patterns based on measures of functional diversity (Chalmandrier et al., 2013) 
and phylogenetic diversity (Jabot et al., 2008). In the context of a metacommunity network, 
such tests should be a two-step process. First, identify topological properties (modularity and 
nestedness) that depart from a random distribution of links. Second, assess their relationship to 
species and site characteristics. For instance, differences in traits between species of distinct 
modules provide evidence that the modules represent distinct functional pools (de Bello et al., 
2012). Therefore, by conditioning randomization schemes on metacommunity network module 
structuring, we can test nested null models of assembly over a hierarchy of spatial scales. 
Random permutations of node properties (Stubbs & Wilson, 2004) or of links in the 
metacommunity network (Gotelli & Entsminger, 2003) still do not rely on a mechanistic 
modelling, but consider a statistical criterion of independence in traits or in composition, 
respectively. On the other hand, a neutral model of species assembly proposes a mechanistic 
modelling of dispersal, establishment and survival independently of niche attributes (Hubbell, 
2001). A mechanistic neutral model therefore provides a relevant null model against which to 
test the effect of niche-based processes, but the design of such null model remains challenging 
(Gotelli & McGill, 2006). Sampling neutral communities using a coalescent model is similar to 
the growth of a random network (Etienne & Olff, 2004; Munoz et al., 2008). It is therefore 
possible to simulate the topology of neutral communities based on models of random networks. 
If dispersal limitation and demographic stochasticity are strong, large variation in species 
composition between communities leads to apparent modularity (Higgs & Derrida, 1992; 
Bagrow, 2012), which are not acknowledged in classic randomization schemes but will be 
acknowledged in neutral communities. Such an approach has been proposed for analyzing 
genetic variation in population graphs (Dyer, 2007), and could be extended to metacommunity 
networks by considering species diversity instead of genetic diversity. The field of random 
networks (Barabasi & Albert, 1999; Newman et al., 2002; Bollobas et al., 2008) opens 
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perspectives to bridge the gap between randomization approaches and “truly neutral” models. 
They should allow simulating how the links can be established neutrally, based on the actual 
node degrees, and therefore do not require prior estimation of neutral parameters, which was a 
limit to the use of neutral models as null models (Gotelli & McGill, 2006). A promising 
perspective is then to derive the topological properties of neutral communities using the random 
network formalism, and thus to predict what topological structures in real communities can or 
cannot be explained by neutral processes. 
  
Conclusion 
The analysis of bipartite graphs connecting sites and species is a promising avenue to 
address key challenges of community ecology and macroecology. We have shown how the 
three main components of a bipartite graph of ecological communities, i.e. modularity, 
nestedness and functional checkerboardness, can be related to classical assembly processes 
acknowledged in ecological theory (Lortie et al., 2004; Vellend, 2010), namely environmental 
filtering, dispersal limitation and limiting similarity. We have further shown that the properties 
of species in the context of this topology provide novel perspectives for the understanding of 
ecological specialization and rarity across scales. Furthermore, the theory of random networks 
is suited to introduce a more mechanistic understanding of stochastic processes when designing 
null models of ecological communities. Rapid progresses have been made in the development 
of network algorithms and it renders the network approach particularly useful for the analysis 
of huge amounts of ecological data. To conclude, we propose a general roadmap to identify the 
species pools and ecological filters driving local community assembly within. We underline 
that network properties must be analyzed in a hierarchical way as, for instance, patterns of 
negative co-occurrence provide insight into limiting similarity only for species that share abiotic 
niche preferences and thereby belong to the same species pool (de Bello et al., 2012). Some 
recent works have called for such necessary integration of ecological concepts and scales based 
on network concepts (Carstensen & Olesen, 2009; Presley et al., 2010; Carstensen et al., 2013), 
and the framework can be applied to a variety of organisms and environmental contexts. We 
anticipate that this network thinking will continue stimulating both theoretical and 
methodological progress in community ecology. 
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Table 1. Glossary 
Terms and notation Definition 
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Among-module connectivity 
(c) and within-module degree 
(z) 
Also called ‘coefficient of participation’(Guimera & Amaral, 2005a), the 
among-module connectivity (Olesen et al., 2007) measures, for a given partition 
of nodes into modules, whether the links of a node are well-distributed among 
modules. The within-module degree conversely measures how well-connected 
is a node to other nodes within the same module. 
Betweenness centrality of a 
node 
The fraction of shortest paths from all nodes to all others that pass through a 
given link (Girvan & Newman, 2002). It measures how well the link connects 
densely connected parts of the network, and is used for partitioning the network 
into modules (Girvan & Newman, 2002). 
Bipartite graph A graph including two distinct sets of nodes, such as each element of a set can 
be connected to elements of the other set, but not to elements of the same set 
(Guillaume & Latapy, 2006). Also called ‘hypergraph’. The metacommunity 
bipartite graph includes two distinct sets of species and site nodes. 
Degree (k) The number of links to other nodes. In a metacommunity bipartite graph, the 
species degree is the number of sites where it occurs, and the site degree is the 
number of species within the site. Also called ‘generalization level’ (Bascompte 
& Jordano, 2007). 
Dispersal and establishment 
limitation 
All the processes that prevent species of an environment-specific species pool 
to disperse and establish in a site where it could exist otherwise. 
Habitat filtering Only species that are ecologically adapted to the environmental context of a site 
can be found in the site, while others cannot. 
Limiting similarity Represents the underrepresentation of species with similar niches in the 
community when species with identical or very similar niches cannot coexist 
due to biotic interactions (MacArthur & Levins, 1967; Abrams, 1983). 
Modularity (Q) For a given partition of the nodes into modules, the modularity Q is the ratio of 
the number of links (Newman, 2006) (or the sum of their weights (Newman, 
2004)) between modules over the number of links (or the sum of their weights) 
within modules, relatively to a random distribution of the links: 
 
! = 12"#$%&,' (
)&)'
2" * +-.& , .'/&,'
 
 
Where Ai,j is the actual weight of the link between nodes i and j, while 
0304
56  is the 
expected weight between i and j when their links are randomly distributed. ci is 
the group to which i belongs, and the δ function is such as δ(u, v)=1 if u = v, 
and 0 otherwise; " = 758 %&,'&,'  . Q is therefore expected to be 0 when the links 
are randomly distributed. If Q is positive, the network is said modular, while if 
it is negative it is said anti-modular (Hintze & Adami, 2010). 
Nestedness In species-by-site bipartite graph, nestedness is found when sites with lower 
species richness tend to harbor proper subsets of those species present in richer 
sites (Almeida-Neto et al., 2008). NODF is the nestedness measure proposed 
by (Almeida-Neto et al., 2008) for binary networks, correcting for matrix fill 
and matrix dimensions. Values of 0 indicate non-nestedness, those of 100 
perfect nesting. It can be computed for rows, columns, or for both sides of a 
bipartite graph. 
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Graph Set of nodes that are related to one another through links. The simplest binary 
graph considers that there is or there is not a link between two nodes. A 
weighted graph further includes information on the intensity or weight of the 
link between nodes. 
  
Table 2. Kruskal-Wallis tests and significant contrasts when comparing functional traits (a) and site 
environmental conditions (b) between modules. The significant pairs are identified by using the function 
kruskalmc of the R package pgirmess, with a threshold p at 0.05. 
 (a) Variation of functional traits of species nodes 
  Kruskal-Wallis test Significant contrasts 
SLA P = 0.002** 1-5 ; 3-5; 4-5 
H P = 0.008** 4-5 
SM P < 0.001*** 1-2; 1-3 
LN P < 0.001*** 1-4; 1-5; 2-4; 3-4; 4-5 
WD P < 0.001*** 1-2; 1-4 
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Supplementary Material 
 
Appendix A. Principal Coordinate Analysis on the bioclimatic variables. 
The variables are the following: Bio1 Annual mean temperature, Bio2 Mean diurnal range, Bio3 
Isothermality, Bio4 Temperature seasonality, Bio5 Max temperature of warmest month, Bio6 Min 
temperature of coldest month, Bio7 Temperature annual range, Bio8 Mean temperature of wettest 
quarter, Bio9 Mean temperature of driest quarter, Bio10 Mean temperature of warmest quarter, Bio11 
Mean temperature of coldest quarter, Bio12 Annual precipitation, Bio13 Precipitation of wettest month, 
Bio14 Precipitation of driest month, Bio15 Precipitation seasonality, Bio16 Precipitation of wettest 
quarter, Bio17 Precipitation of driest quarter, Bio18 Precipitation of warmest quarter, Bio19 
Precipitation of coldest quarter. The first PCA axis then corresponds to an axis of temperature and 
seasonality. When projected on the map of sites, we can observe that this dimension projects well on the 
latitudinal gradient. 
  
Appendix B. List of tree species belonging to the 5 modules of the FIA metacommunity network, with 
corresponding module number, m, and module name, coefficient of participation, c, relative intra-
module degree, z. The last column indicates whether the species is a generalist, i.e. its coefficient C falls 
into the upper quartile of the participation coefficient distribution, or a specialist. 
 
This Appendix does not figure in the thesis but can be available upon request.  
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Understanding the imprint of environmental $ltering on community assembly along 
environmental gradients is a key objective of trait-gradient analyses. Depending on 
local constraints, this $ltering generally entails that species departing from an opti-
mum trait value have lower abundances in the community. #e community-weighted 
mean (CWM) and variance (CWV) of trait values are then expected to depict the 
optimum and intensity of $ltering, respectively. However, the trait distribution within 
the regional species pool and its limits can also a%ect local CWM and CWV values 
apart from the e%ect of environmental $ltering. #e regional trait range limits are 
more likely to be reached in communities at the extremes of environmental gradi-
ents. Analogous to the mid-domain e%ect in biogeography, decreasing CWV values in 
extreme environments can then represent the in&uence of regional trait range limits 
rather than stronger $ltering in the local environment. We name this e%ect the ‘trait-
gradient boundary e%ect’ (TGBE). First, we use a community assembly framework to 
build simulated communities along a gradient from a species pool and environmental 
$ltering with either constant or varying intensity while accounting for immigration 
processes. We demonstrate the signi$cant in&uence of TGBE, in parallel to environ-
mental $ltering, on CWM and CWV at the extremes of the environmental gradient. 
We provide a statistical tool based on Approximate Bayesian Computation to decipher 
the respective in&uence of local environmental $ltering and regional trait range limits. 
Second, as a case study, we reanalyze the functional composition of alpine plant com-
munities distributed along a gradient of snow cover duration. We show that leaf trait 
convergence found in communities at the extremes of the gradient re&ect an in&uence 
of trait range limits rather than stronger environmental $ltering. #ese $ndings chal-
lenge correlative trait–environment relationships and call for more explicitly identify-
ing the mechanisms responsible of trait convergence/divergence along environmental 
gradients.
Keywords: community assembly, environmental $ltering, functional biogeography
Distinguishing the signatures of local environmental 
filtering and regional trait range limits in the study of 
trait–environment relationships
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Introduction
Quantifying the physiological responses of organisms 
and communities along environmental gradients is piv-
otal in ecology and biogeography (Lomolino  et  al. 2006, 
Violle  et  al. 2014). However, we know little about the 
sensitivity of such responses to environmental or physi-
ological limits, i.e. to boundary e%ects. Boundary e%ects 
have been broadly addressed in biogeography, in terms of 
taxonomic diversity at the limits of environmental gradi-
ents. Speci$cally, the mid-domain e%ect represents an arte-
factual peak of species richness at the center of latitudinal 
gradient (Colwell and Lees 2000, Colwell  et  al. 2004) or 
of species range at the center of an environmental gradi-
ent (Letten  et  al. 2013) due to sampling issues. Here we 
recast this hypothesis through the lens of trait-based ecol-
ogy. While the in&uence of the taxonomic composition 
and richness of a source species pool on local community 
assembly have received much interest, the in&uence of the 
functional composition of the pool has only recently come 
to focus (Patrick and Brown 2018, Spasojevic et al. 2018). 
More speci$cally, we argue that the parameters of the local 
trait distribution at the edge of environmental and/or trait 
gradients can be misinterpreted because the regional trait 
distribution is not properly quanti$ed. #is in&uence, 
that we coined ‘trait-gradient boundary e%ect’ (TGBE), 
can combine with the e%ect of environmental $ltering, as 
both constrain the moments of the local trait distribution 
at community scale (Kraft et al. 2015). We here provide a 
method to separate the in&uence of environmental $ltering 
on local community assembly from the imprint of regional 
trait distribution, in order to avoid misinterpretations on 
the strength of environmental $ltering.
Functional traits are attributes re&ecting the ability of 
individuals to survive and reproduce in a local environ-
ment (Violle  et  al. 2007). Assembly processes shape the 
distribution of functional trait values within communities 
(McGill et al. 2006), and in particular environmental $lter-
ing represents the control of the local trait distribution by 
abiotic factors (Kraft et al. 2015). Environmental $ltering 
generally includes two components (Shipley 2010): 1) an 
optimal trait value or combination allowing maximal per-
formance and greater abundance in the community, and 
2) an intensity value quantifying how sharp the decrease 
of species performance around the optimal trait value is 
(Fig. 1). Varying the functional composition of commu-
nities along environmental gradients is then expected to 
re&ect changing optimal values and/or $ltering intensity 
(Ackerly and Cornwell 2007). Because the variation of 
performance around the optimal value translates into a 
variation of species abundances related to trait values, the 
mean value of trait in communities (community-weighted 
mean, CWM) and their variance (CWV) (Garnier  et  al. 
2016) are expected to re&ect local optimal trait value and 
$ltering intensity, respectively (Cingolani  et  al. 2007, 
Violle et al. 2007, Enquist et al. 2015, Borgy et al. 2017a). 
However, a clear relationship between trait-based statistics 
and the parameters of environmental $ltering (‘CWM-
optimality’ hypothesis, Muscarella and Uriarte 2016) may 
not always hold.
In extreme environments, more intense environmental 
$ltering due to local constraints is commonly hypothesized 
(Weiher et al. 1998, Callaway et al. 2002, Cornwell et al. 
2006), but the $ltered trait values can also be closer to 
regional trait range limits. A reduction of variance in 
extreme environments can thus be allotted to either local 
environmental $ltering or to larger-scale and longer-term 
constraints leading to a restricted trait variation among 
immigrants. Regional trait range limits should yield a 
decrease in local trait variance at the extremes of an environ-
mental gradient and therefore entail a hump-shaped varia-
tion of CWV across the environmental gradient, even when 
the intensity of environmental $ltering is constant through-
out the gradient (Fig. 1). TGBE can also originate phenom-
enological relationships between CWM and CWV because 
of the local convergence induced by the species pool limited 
trait range. Such hump-shaped patterns between CWM and 
CWV have been reported previously (Dias et al. 2013), and 
can re&ect the in&uence of TGBE in real data. A major issue 
is then to determine whether lower trait variance in extreme 
environments re&ects more intense $ltering or the in&u-
ence of trait limits at a regional scale. To solve the issue, we 
propose an inference approach that explicitly estimates the 
in&uences of regional trait range limits and local environ-
mental $ltering.
We investigated TGBEs in the context of a spatially-
implicit model of community assembly representing how 
immigration from a species pool and local environmental 
$ltering jointly shape local community composition (eco-
lottery package, Munoz et al. 2018) (Fig. 1). Environmental 
$ltering is modeled as a Gaussian function determining the 
successful establishment of immigrants and thus de$nes a 
decrease of the performance of species around an optimum 
trait value, the intensity of the $ltering being the stan-
dard deviation of the function (Shipley 2010, Webb et al. 
2010, Enquist et al. 2015). An environmental gradient can 
then be viewed as a gradient of distinct optima imposed 
by distinct local environmental $lters. When trait range 
limits among immigrants constrain the functional range 
in community composition, we expect reduced variance 
and a skewed local distribution with CWM deviating from 
optimal trait value (Fig. 1). We used the model to simulate 
community composition with explicit environmental $l-
tering along an environmental gradient, with and without 
variation of $ltering intensity, to illustrate how TGBEs can 
arise. In addition, we propose an Approximate Bayesian 
Computation approach based on intensive simulations 
of community composition to get an unbiased estimate 
of the optimum and intensity of environmental $ltering, 
while controlling for the in&uence of TGBE. #is powerful 
and mechanistic approach allows comparing the outputs 
of our community assembly model, with di%erent sets of 
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parameters related to distinct processes, to the local trait 
patterns observed in a given community dataset, so as to 
unravel the causes originating them (Csilléry et al. 2010, 
Munoz et al. 2018). We applied the approach to examine 
TGBE and environmental $ltering in alpine plant com-
munities along a gradient of snow cover duration in the 
French Alps (Choler, 2005).
Material and methods
Framework of community assembly
Immigrants drawn from a species pool establish and per-
sist in a community depending on environmental $ltering 
(Fig. 1). Each individual displays a synthetic $tness-related 
Figure 1. Departure of CWM and CWV from the parameters of environmental $ltering, topt and σopt
2
, respectively, due to trait limits in 
the species pool. #e trait distribution in communities (histograms) re&ects the joint in&uence of trait range limits among immigrants from 
the species pool (top horizontal black line), and of a Gaussian environmental $lter determining immigrant establishment success with mean 
topt (dashed blue lines) and standard deviation σopt
2
 (blue horizontal arrows) in speci$c environments (grey rectangles). #e dashed red lines 
represent the observed community weighted mean (CWM) values in each community. CWM deviates from topt when closer to the limits of 
the trait range in the species pool because of the bounded species pool’s trait range. #e range of observed CWM values (red line) is then 
smaller than the one of topt values as shown in the CWM ~ environment plot. Similarly, while σopt
2
, which represents the environmental 
$ltering intensity, remains constant over the environment gradient, CWV, depicted by the horizontal red arrows, decreases when approach-
ing environment selecting for trait values closed to the species pool boundaries. #e hump-shaped relationship between realized CWV and 
the environment then represents the in&uence of the trait range limits and not a more intense $ltering at the extremes of the gradient.
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trait value, t, and the probability of successful immigration 
decreases as t departs from an optimal trait value topt depend-
ing on local environmental conditions (Shipley 2010). We 
used a Gaussian function of t with mean topt and standard 
deviation σopt to represent this $ltering. σopt depicts the inten-
sity of environmental $ltering: the smaller σopt, the narrower 
the extent of trait values allowing immigration in the local 
community (Munoz et  al. 2018). Each community is then 
assigned topt and σopt values characterizing local environmen-
tal $ltering.
Our main objective is to disentangle the in&uence of 1) 
trait range limits in the species pool, denoted as a for the 
lower and b for the upper limit, and 2) the parameters of 
environmental $ltering denoted as topt and σopt, on the dis-
tribution of trait values in local communities. When topt is 
close to a, we expected that the distribution of trait values 
in the local community is limited below a (Fig. 1), and con-
versely when topt is close to b. In the following, we present the 
consequences of the regional trait limits on 1) the calcula-
tion of the $rst four moments of the local trait distribution 
(Enquist et al. 2015), and 2) how these moments vary across 
communities along an environmental gradient.
Community-level trait based statistics
Synthetic trait-based statistics are commonly used to charac-
terize the functional response of communities. #e two $rst 
moments of the distribution of trait values in a community, 
namely, the community weighted mean (CWM) and com-
munity weighted variance (CWV), are commonly used to 
analyze the functional structure of communities while the 
two following moments, community weighted skewness 
(CWS) and community weighted kurtosis (CWK) are more 
rarely considered (Enquist  et  al. 2015, Gross  et  al. 2017). 
#e $rst four moments are expected to be in&uenced, among 
other processes, by environmental $ltering and are often used 
for the inference of $ltering (Shipley 2010, Enquist  et  al. 
2015, Loranger et al. 2018). With a Gaussian environmen-
tal $ltering (Fig. 1), we expect CWM and CWV to equal 
topt and σopt, respectively. As a measure of ‘peakedness’, CWK 
should also increase with decreasing σopt (Enquist et al. 2015, 
Gross  et  al. 2017). If the environmental $lter is symmetri-
cal, as considered here (Fig. 1), local CWS is not expected to 
deviate from 0.
When the trait range in the species pool is bounded 
and when the environment selects for trait values close to 
these boundaries, the local distribution of trait values is 
bounded beyond the limits of the pool, and is asymmetrical 
(Fig. 1). #is asymmetry should entail a shift in CWM to 
larger values if the closer trait limit in the species pool is 
the lower boundary and to lower values if the closer limit 
is the upper boundary (Fig. 1). In addition, the trait limits 
should further reduce the range of values in local commu-
nities and thus reduce CWV (Fig. 1), increase CWK and 
increase CWS in absolute value when topt is closer to the lim-
its. In Supplementary material Appendix 1, we provide the 
mathematical formulas of the four moments, as a function 
of topt, σopt, and of trait range limits a and b, in a simple case 
where regional trait abundances are uniformly distributed 
between a and b.
Simulation of communities with environmental ﬁltering 
and trait range limits
We used a coalescent-based algorithm (package ecolottery 
in R language, Munoz et al. 2018) to simulate community 
assembly with migrants drawn from a species pool and sub-
ject to a Gaussian environmental $ltering. #e coalescent-
based approach reconstructs the shared ancestry of coexisting 
individuals (i.e. their genealogy) at present without simu-
lating complete community dynamics from an initial state 
through time. #e topology of the genealogy depends on 
immigration, environmental $ltering and demographic sto-
chasticity (Munoz et al. 2018). We considered two types of 
species pools with either a uniform or a log-series distribution 
of abundances. Results were comparable with both distribu-
tions, and subsequent analyses will concern the case of uni-
form abundances only. A uniform pool include 100 species 
with 1000 individuals per species, hence a total of 100 000 
candidate immigrants. Species trait values ti were drawn from 
a uniform distribution between either a = 0 and b = 1 (trait 
range = 1), or a = 0 and b = 2 (trait range = 2). We varied the 
range of trait values to assess the relative in&uence of $ltering 
intensity and trait range. We also simulated a set of communi-
ties with intraspeci$c variation, i.e. with a standard deviation 
of trait values per species set to σi = 0.1 in the species pool. 
#e environmental $ltering function determined the prob-
ability p of establishment of an individual with a trait value 
t according the following function: p e
t t
=
-
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s
 (Fig. 1). 
We set the intensity of environmental $ltering, ruled by the 
parameter σopt, to either 0.25 or 0.05, to represent weak and 
intense environmental $ltering, respectively, compared to 
the regional range of trait values varying between 0 and 1. 
For a given species pool, we simulated n = 100 communities, 
each including J = 500 individuals, with varying topt values 
randomly drawn between a and b. #e variation of topt repre-
sented a variation of optimal values along the environmental 
gradient.
We also considered another set of simulations where σopt 
varied along the gradient, with minimum values of σopt = 0.05 
at the extremes a and b towards a maximum of σopt = 0.25 
in the middle of the gradient. In this case, environmental 
$ltering was more intense at the extremes of the gradient. We 
therefore designed two sets of simulated communities under-
going a $xed and varying environmental $ltering, respec-
tively. From these simulated data, local weighted moments 
were calculated and the environmental $ltering parameters 
tˆopt  and sˆopt
2  were estimated. A repeatable example of com-
munity simulation is provided in Supplementary material 
Appendix 2.
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ABC estimation of parameters of environmental ﬁltering
We performed an Approximate Bayesian Computation 
(ABC) analysis (Csilléry et al. 2010, coalesc_abc function 
in ecolottery R package) to estimate the parameters tˆopt  
and sˆopt
2  of environmental $ltering from a given com-
munity composition. ABC provides posterior distribu-
tions of parameter estimates by comparing some summary 
statistics in communities simulated over a broad range 
of topt and σopt values, to the same summary statistic val-
ues in the given community (Csilléry et al. 2010). In our 
case, the summary statistics were metrics of taxonomic 
(richness and Shannon diversity) and functional (CWM, 
CWV, CWS and CWK) composition of a community. 
One million communities were simulated in ABC analy-
sis using the same coalescent-based algorithm presented 
above (package ecolottery in R language, Munoz  et  al. 
2018). In any case, simulated communities received 
immigrants from the same species pool. We also consid-
ered an alternative analysis where the summary statistics 
included functional dispersion (Laliberté and Legendre 
2010) and Rao’s quadratic entropy (Botta-Dukát 2005) 
instead of CWV, CWS and CWK (Supplementary mate-
rial Appendix 10). Insofar as species pool composition was 
known, its trait range limits a and b were $xed based on the 
upper and lower trait range limits in the complete species 
pool. However, we also devised a case where the trait range 
limits and the species pool composition were based on 
the sum of observed communities (Supplementary mate-
rial Appendix 11). #e median values of tˆopt  and sˆopt
2  in 
posterior distributions were compared to observed CWM 
and CWV values, respectively.
We performed ABC analysis on each of the simulated 
community presented above, to get a cross-validation of esti-
mated tˆopt  and sˆopt
2  values for simulated data with known 
topt and sopt
2  values. We also compared CWM and CWV 
in communities to topt and sopt
2 . Figure 2b and d repre-
sent the variation in ABC estimates along a gradient of topt 
values. For simulations with $xed sopt
2 , any variation in 
CWV at the extremes was expected to reveal an in&uence of 
Figure 2. Variation in CWM and CWV values (left, red color), and of estimated tˆopt  and σˆopt
2
 (right, blue color), for simulated communi-
ties along topt gradient. Communities were simulated with constant environmental $ltering (σopt = 0.25), uniform distribution of trait values 
and uniform abundances in the species pool. (a) and (b) represent CWM and tˆopt , and (c) and (d) represent CWV and σˆopt
2
. #e tˆopt  
and σˆopt
2
 values were obtained by performing ABC analysis and correctly estimated the topt and σopt
2
 values (b and d). Conversely, CWM 
departed from topt and CWV was below σopt
2
 when the in&uence of trait range limits increased at the extremes. #e black solid line repre-
sents equality of CWM and CWV to the parameters of environmental $ltering (topt and σopt
2
, respectively). Slope coe<cients and the 
associated con$dence intervals of the linear regression equations between CWM and topt are displayed in (a) and (b). #e mean of the dif-
ference between σopt
2
 and CWV (c) is twice higher than for the di%erence between σopt
2
 and σˆopt
2
 (d) (respectively 2.23e-2 and 
8.91e-3).
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regional trait limits only (TGBE). Conversely, we expected 
decreasing sˆopt
2  at the extremes of the gradient of topt, for 
the set of simulations where sopt
2  was indeed smaller at the 
extremes. #e tˆopt ~ sˆopt
2  relationship was also compared to 
the CWM~CWV relationship, to check the consistency of 
the variation in estimated environmental $ltering parameters 
with phenomenological patterns of functional convergence 
measured with CWV (Supplementary material Appendix 3).
Application to alpine plant communities
We analyzed the variation in functional composition of 
plant communities along a gradient of snow cover duration 
in alpine grassland vegetation (Choler 2005). #is gradient 
ranged from 140 to 210 days of snow cover in 1998. #e 
alpine vegetation dataset (aravo in ade4 R package) includes 
75 communities for a total of 82 species, located between 
2700 and 2750 m in French Alps. #is vegetation undergoes 
harsh high-elevation conditions but also covers a broad envi-
ronmental gradient of duration of snow cover, due to topo-
graphical and microclimatic heterogeneity (Choler 2005). 
#e gradient determines varying abiotic stress and length 
of growing season, and thus largely in&uences functional 
trait variation among communities, such as leaf nitrogen 
concentration on a mass basis (Nmass) and speci$c leaf area 
(SLA) (Choler 2005), which are two foliar traits character-
izing the resource acquisition–conservation tradeo% in plants 
(Garnier et al. 2016). Long snow cover protects from freezing 
stress but reduces the length of growing season, which should 
favor resource-acquisitive plants, relatively to the local species 
pool, with higher Nmass and SLA. On the contrary, short snow 
cover increases exposure to wind and frost while increasing 
length of growing season, which should, in this speci$c con-
text, favor resource-conservative plants with lower Nmass and 
SLA (Choler 2005).
We estimated parameters of environmental $ltering topt 
and σopt for foliar traits in this dataset, and examined their 
variation along the gradient of snow cover duration. #e spe-
cies pool used in ABC analysis was built from the species 
present in all the observed communities.
Data deposition
R code to generate the simulated data is provided in the 
Supplementary material Appendix 2 and is archived at 
Zenodo < https://zenodo.org/record/2558270 >.
#e aravo dataset describing alpine plant communities is 
available in the ade4 R package and is described in Choler 
(2005).
Results
TGBE in simulated communities
We simulated communities along an environmental gradient 
with di%erent topt values but constant $ltering intensity sopt
2  
(Fig. 2). #e variations in CWM and CWV illustrate the 
in&uence of TGBE. First, CWM went below topt when closer 
to the upper limit of trait range, and above topt when closer to 
the lower limit (Fig. 2a). #e observed range of CWM values 
was thereby smaller than the range of topt. Second, we found 
a hump-shaped variation in CWV, with lower values at the 
extremes of the topt gradient (Fig. 2c). CWS and CWK also 
varied along the topt gradient with a decrease in CWS and 
an increase in CWK towards the extremes (Supplementary 
material Appendix 5). Because $ltering intensity was set con-
stant, the reduction of CWV at the extremes, and the respec-
tive variations of CWS and CWK, was attributable to the 
in&uence of trait range limits in the species pool (Fig. 1). We 
obtained consistent results under more intense but constant 
environmental $ltering (σopt = 0.05, Supplementary material 
Appendix 4, more contrasted), with intraspeci$c variability 
(Supplementary material Appendix 6, σ = 0.1), with log-series 
distribution of regional abundances (Supplementary material 
Appendix 7) and when using the sum of observed communi-
ties as a species pool (Supplementary material Appendix 11).
We expected the in&uence of TGBE to extend farther from 
the extremes when sopt
2  was larger for a $xed range [a; b]. 
#e extent of the in&uence of regional trait limits was thereby 
expected to depend on the intensity of local $ltering rela-
tively to trait range [a; b]. Supplementary material Appendix 
8 shows how the ratio of sopt
2  and trait range in&uences the 
deviation of CWM from topt. It shows that the ratio of trait 
range (b–a) and $ltering intensity (sopt
2 ) determines the 
in&uence of TGBE along the gradient. For instance, σopt = 0.5 
and [0; 1] trait range gives the same deviation than σopt = 1 
and [0; 2] trait range.
Deciphering environmental ﬁltering and TGBE in 
extreme environments
In communities where $ltering intensity was set constant, we 
obtained unbiased estimation of topt (Fig. 2b, slope coe<cient 
of the regression between tˆopt  and topt = 0.97), and unbiased 
and constant estimation of σopt, while there was variation in 
CWV due to TGBE (Fig. 2d). Indeed, the square distance 
between sopt
2  and sˆopt
2  was, in average, twice low over the 
topt gradient (Fig. 2d) than the square distance between sopt
2  
and CWV (Fig. 2c) (8.91e-3 and 2.23e-2 respectively). When 
using other metrics than CWV to evaluate local functional 
convergence and to estimate topt and sopt
2 , namely functional 
dispersion and Rao’s quadratic entropy, we obtained similar 
results with signi$cant quadratic relationships between these 
metrics and topt along topt gradient while the environmental 
$ltering intensity remained constant (Supplementary mate-
rial Appendix 10). In addition, we simulated an environmen-
tal gradient where $ltering was more intense at the extremes 
(i.e. smaller σopt value, black line on Fig. 3a–b). Figure 3d 
shows that the estimated value of σopt followed the expected 
variation of $ltering intensity. In this case, CWV also dis-
played a hump-shaped pattern along the gradient, similar to 
Fig. 2c, but here this was due to both regional trait limits and 
actual variation in $ltering intensity.
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#erefore, the variation in CWV could not inform on 
the respective in&uences of environmental $ltering and trait 
range limits in the pool (Fig. 1c, 3c), while the ABC-based 
estimation of sopt
2  allowed grasping the speci$c in&uence of 
environmental $ltering.
TGBE and environmental ﬁltering in alpine plant 
communities
We estimated topt and sopt
2 , and the variations in CWV and 
CWM values of foliar traits in alpine plant communities 
(Fig. 4, 5). As expected with TGBE, CWM departed from 
estimated tˆopt  in extreme environmental conditions, and 
the range of topt values was larger than the range of CWM 
values (Fig. 4a–b, 5a–b). CWV decreased at lowest dura-
tion (great exposure to cold) for both SLA and Nmass and at 
highest duration (short vegetative period) of snow cover for 
Nmass only (Fig. 4). On the contrary, ABC-based estimations 
showed that sˆopt
2  did not vary along the snow cover gradient 
(Fig. 4c–d, 5c–d). Except for SLA at long snow cover duration 
(Fig. 5c–d), sˆopt
2  was larger than the corresponding CWV.
In addition, departure of community weighted skewness 
(CWS) from 0 re&ected the in&uence of regional trait limits 
and asymmetry in local trait distribution, as observed in 
simulated communities with constant σopt (Supplementary 
material Appendix 5). In alpine plant communities, increas-
ingly negative community weighted skewness (CWS) with 
increasing snow cover duration in alpine vegetation was con-
sistent with an in&uence of an upper trait limit on the local 
distribution of Nmass and SLA at longest snow cover duration 
(Supplementary material Appendix 9).
Discussion
In ecology and biogeography, trait-gradient analyses examine 
the functional trait distributions in communities to charac-
terize community responses along environmental gradients 
(Ackerly and Cornwell 2007, Lepš et al. 2011, Garnier et al. 
2016, Borgy et al. 2017a). Here we showed that a reduced 
variance of the local trait distribution, i.e. trait convergence, 
can re&ect a combined in&uence of local environmental 
Figure 3. Variation in CWM and CWV (left, red color), and in estimated tˆopt  and σˆopt
2
 (right, blue color) along the topt gradient, with 
increasing intensity of environmental $ltering at the extremes of the gradient. (a) and (b) represent CWM and tˆopt , and (c) and (d) repre-
sent CWV and σˆopt
2
. #e estimation of parameters tˆopt  and σˆopt
2
, obtained by performing ABC analysis, acknowledges the e%ect of trait 
range limits, and departs from CWM and CWV, respectively when the in&uence of the trait range limits increases at the extremes. #e black 
solid line represents equality of CWM and CWV to the parameters of environmental $ltering (topt and σopt, respectively). Slope coe<cients 
and the associated con$dence intervals of the linear regression equations between CWM and topt are displayed in (a) and (b). #e mean of 
the di%erence between σopt
2
 and CWV (c) and between σopt
2
 and σˆopt
2
 (d) is comparable but lower for the latter case (respectively 
4.08e-2 and 3.37e-2).
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constraints within the community and of a bounded trait dis-
tribution in the regional species pool. #ese two in&uences 
need to be disentangled in order to identify the speci$c role of 
local environmental $ltering. However, while much empha-
sis has been put on the idea that environmental $ltering can 
be more intense at the extremes of environmental gradients 
(Weiher et al. 2011), far less attention has been devoted to 
how the functional composition of species pools in&uences 
local community composition (Spasojevic  et  al. 2018). To 
address the issue, we used a simulation-based, Approximate 
Bayesian Computation (ABC) approach (ecolottery package, 
Munoz et al. 2018). By explicitly modelling immigration and 
environmental $ltering, the approach allows separating out 
the in&uence of constraints on trait distributions at the spe-
cies pool and local community levels. With this approach, 
we can obtain unbiased estimation of topt and σopt in simu-
lated communities along gradients. #e mid-domain e%ect 
is a better-known example of the in&uence of regional limits 
(of species niches and distributions) in&uencing local taxo-
nomic diversity at the extremes of gradients (in geographical, 
Colwell and Lees 2000, or environmental space, Letten et al. 
2013). #e TGBE issue presented here extends this per-
spective to examine how trait range limits in species pools 
in&uence functional composition in local communities. We 
discuss the consequences of TGBE for trait-based approaches 
in functional ecology, community ecology and (functional) 
biogeography.
Environmental $ltering is often viewed as a humped $lter-
ing function along a niche axis, similar to a Gaussian function 
with optimal value topt and $ltering intensity σopt. Although 
environmental $ltering generally concerns the in&uence of 
abiotic constraints (Kraft  et  al. 2015), the framework pro-
posed here can apply to any $ltering around an optimal trait 
value topt conferring, e.g. greater competitive ability (May$eld 
and Levine 2010), better colonization or chance of estab-
lishment (Ehrlén and Eriksson 2000, Bernard-Verdier et al. 
2012). #e current paradigm in functional ecology is that 
community weighed mean (CWM) is a proxy for topt, the 
‘CWM-optimality’ hypothesis (Muscarella and Uriarte 
2016), and that community weighed variance (CWV) is a 
proxy for sopt
2  under environmental $ltering. #e ‘CWM-
optimality’ hypothesis found some support in recent studies 
linking the distance between species’ trait values and CWM 
to species’ abundances (Umaña  et  al. 2015) or multivari-
ate measures (Muscarella and Uriarte 2016), but was chal-
lenged in other contexts (Mitchell et al. 2017, Laughlin et al. 
Figure 4. Relationships of CWM (a), estimated σopt
2
 (b), CWV (c) and estimated σopt
2
 (d) for the leaf nitrogen content on a mass basis 
(Nmass) σopt
2  according to the gradient of snow cover melting date (in Julian days, abscissa). Linear regressions were $tted for each variable 
against the snowmelt date in (a) and (b). While both highly signi$cant, the slope term was higher with the estimated tˆopt  (slope = 0.29) than 
with the CWM (slope = 0.23). For the (c) and (d), a quadratic regression between CWV and snowmelt date was signi$cant while the 
quadratic term became non-signi$cant with σˆopt
2
. Nmass is measured in mg N mg
–1.
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2018). CWM can be disconnected from topt when stabilizing 
mechanisms such as competitive interactions and limiting 
similarity break the linkage of trait values with $tness dif-
ferences (Chesson 2000, Adler et al. 2013), or when neutral 
stochastic dynamics a%ect species abundance independently 
from trait values (Hubbell 2001). Here we challenge the 
CWM-optimality hypothesis by demonstrating that CWM 
and CWV can depart from topt and sopt
2 , respectively, when 
the local distribution is bounded due to trait range limits 
in the pool of immigrants. #e distribution of trait values 
in the regional species pool therefore in&uences local com-
munity assembly (Patrick and Brown 2018, Spasojevic et al. 
2018) and can challenge the CWM-optimality hypothesis by 
preventing CWM to reach the optimum for certain environ-
ments. It is likely that trait range limits of the species pool are 
reached in extreme environments, i.e. trait values required 
for persistence are not possible, due to physiological limits 
or evolutionary history (Koch et al. 2004, Alpert 2005). It is 
essential to distinguish the respective signatures of local envi-
ronmental $ltering and of processes driving the functional 
composition of species pools at a larger scale and over a long 
term (Jiménez-Alfaro  et  al. 2018). Consequently, identify-
ing TGBEs means determining the speci$c in&uence of local 
community assembly amidst the in&uence of large-scale and 
long-term evolutionary legacy (Lessard et al. 2016).
We found that TGBE can be responsible of a hump-shaped 
variation in CWV along environmental gradients even when 
the intensity of environmental $ltering is constant (Fig. 2c). 
TGBE also generated a hump-shaped relationship between 
CWV and CWM (Supplementary material Appendix 3), 
similar to patterns reported in a previous study (Dias et al. 
2013). Although a link between CWM and CWV (or similar 
functional diversity metrics) can represent a statistical artifact 
(Ricotta and Moretti 2011, Dias et al. 2013), our study also 
shows that TGBE can yield this relationship. #e analysis of 
alpine plant communities illustrated trait variance reduction 
in extreme environmental conditions (Fig. 4, 5), while the 
estimated sˆopt
2  did not show reduction. Variance reduction 
could thus be due to TGBE and not to more intense environ-
mental $ltering in these alpine plant communities (Fig. 4). 
Similarly, the tˆopt –environment relationships had a steeper 
slope than the CWM–environment relationship (Fig. 2, 4a–
b, 5a–b), suggesting that CWM did not represent optimal 
trait values all along the environmental gradient.
We have proposed a spatially-implicit framework of com-
munity assembly acknowledging immigration from a species 
Figure 5. Relationships of CWM (a), estimated σopt
2
 (b) for the speci$c leaf area (SLA), according to the gradient of snow cover melting 
date (in Julian days, abscissa). Linear regressions were $tted for each variable against the snowmelt date in (a) and (b). While both highly 
signi$cant, the slope term was higher with the estimated tˆopt  (slope = 0.25) than with the CWM (slope = 0.16). For (c) and (d), quadratic 
regressions between CWV and σˆopt
2
 with snowmelt date were both non-signi$cant. SLA is measured in m2 kg–1.
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pool and local environmental $ltering (Munoz et al. 2018). 
#e de$nition of the pool is &exible and several options have 
been proposed, either based on a regional list of species (Zobel 
1997), on the complete composition of a metacommunity 
(Leibold  et  al. 2004), or on a spatially restricted source of 
dispersers (Lessard  et  al. 2016). #e pool can represent an 
external forcing based on long-term and large-scale regional 
dynamics (top–down perspective as in Hubbell 2001) or 
re&ect the emergent composition of available immigrants in a 
metacommunity (bottom–up perspective, Leibold et al. 2004, 
Mittelbach and Schemske 2015). In both cases, its composi-
tion illustrates the in&uence of long-term assembly dynamics 
across communities in a speci$c area, and its boundaries rep-
resent the limits imposed by these processes. In the present 
analyses, while we simulated and used the composition of 
complete species pools in ABC analyses of simulated commu-
nities, the species pool of alpine communities was based on 
the sum of sampled communities (Supplementary material 
Appendix 11 shows the results for simulations with a spe-
cies pool based on the sum of sampled communities). #e 
composition and the relative abundances considered in the 
reference species pool can greatly in&uence analyses of com-
munity assembly dynamics (Lessard et al. 2011). Dark diver-
sity, representing the species that are absent from the pool 
but could contribute to immigration and community assem-
bly (Pärtel et al. 2011), can extend trait range limits in the 
reference species pool. Further investigation of the in&uence 
of trait range limits with di%erent de$nitions of the species 
pool should help address under which conditions TGBE can 
be reliably detected. Furthermore, the in&uence of the shape 
of the trait distribution in the pool should be addressed in 
more details in the future (Spasojevic et al. 2018) and appears 
essential since it can vary from a biogeographical context to 
another even though local environmental $ltering can oper-
ate in a similar way. For sake of simplicity, we considered a 
uniform distribution of trait values among species at regional 
scale, and two types of distribution of regional abundances, 
uniform and log-series. Even though the results were robust 
to some variation in these parameters, further investigation of 
the sensitivity of the model will be needed. Lastly, we de$ned 
environmental $ltering in our study as a Gaussian function 
around a single optimum (Shipley 2010). However, other $l-
tering functions, such as disruptive $ltering with two modes 
yielding trait divergence (Loranger et al. 2018), could be con-
sidered to study trait patterns at the community level, and are 
already implemented in ecolottery R package (Munoz et al. 
2018).
Independently from the assumptions mentioned above, 
the way CWM and CWV deviate from topt and sopt
2  due 
to TGBE depends on the ratio between the trait range lim-
its and the strength of local environmental $ltering along a 
gradient (Supplementary material Appendix 8). In a biogeo-
graphical perspective, a physiological trait–environment rela-
tionship could yield di%erent patterns of CWM and CWV 
variation across regions where distinct biogeographical his-
tories entailed di%erent range limits (Forrestel  et  al. 2017). 
Moreover, for a given regional species pool, the in&uence 
of TGBE should change depending on the strength of local 
environmental $ltering. #erefore, when the $ltering acting 
on a speci$c trait is strong, the deviation should concern only 
communities closest to the extremes. #e in&uence of TGBE 
on trait–environment relationship can also di%er across func-
tional traits, depending on the nature of underlying $lters 
acting on di%erent traits (Borgy et al. 2017b). #e detection 
and in&uence of TGBE will therefore be dependent upon 
the interplay of biogeographical history and the local mecha-
nisms $ltering, with certain intensity, trait values.
ABC-based estimation of environmental $ltering relies on 
simulating and comparing basic statistics that summarize the 
observed and simulated trait distributions. #e moments of 
local trait distributions can be used as summary statistics to 
infer the trait-based assembly processes, as advocated by the 
trait driver theory (TDT) (Enquist et al. 2015). While much 
emphasis has been put on analyzing the two $rst moments 
CWM and CWV, TDT underlines that the next moments, 
skewness (CWS) and kurtosis (CWK), also convey insights 
on assembly dynamics. Gross et al. (2017) emphasized that 
CWS and CWK allow better characterizing the coexistence 
of multiple functional strategies beyond the in&uence of a 
single optimum. We showed that TGBE strongly impacts 
CWV variations (Fig. 1, 2c–d) but also other moments 
(Supplementary material Appendix 5, 9). As a consequence, 
applying TDT along gradients also probably implies address-
ing TGBE issues. Community-level metrics are more and 
more used to characterize the functional composition of 
communities of plants (Violle  et  al. 2007), but also other 
organisms (Newbold et al. 2012, Fierer et al. 2014, Pey et al. 
2014). We stress here that these metrics should not be viewed 
as direct proxies of underlying assembly processes, especially 
in harsh environmental conditions that are the focus of much 
research and where TGBE more likely occurs. Furthermore, 
acknowledging intraspeci$c variation in trait-based commu-
nity analyses has gained much momentum in recent years 
(Lepš  et  al. 2011, Violle  et  al. 2012, Siefert  et  al. 2015). 
Intraspeci$c trait variation could extend beyond the trait lim-
its of a pool de$ned based on trait values averaged at species 
level (Violle et al. 2012), which should a%ect associated trait 
range limits and therefore TGBE. Our individual-based mod-
elling framework can acknowledge the in&uence of intraspe-
ci$c trait variation in community dynamics (Supplementary 
material Appendix 6), but these data are mostly unavailable 
at large spatial scales of functional biogeography, so that trait 
values averaged at species level are still mainly used in practice 
(Borgy et al. 2017b).
Community-level trait metrics are common currencies 
for functional biogeography (Violle et al. 2014). #ey can 
be used to elucidate the drivers of taxonomic diversity pat-
terns (Lamanna et al. 2014) as well as to target conservation 
areas (Violle et al. 2017) or to map and predict ecosystem 
properties from landscape to regional and global scales 
(Violle  et  al. 2015). #e approach is primarily based on 
the ‘CWM-optimality’ hypothesis (Muscarella and Uriarte 
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2016), and the idea that CWV re&ects the intensity of the 
local environmental $ltering. Other processes can a%ect local 
community assembly and functional composition (Hubbell 
2001, Levine and Murrell 2003, May$eld and Levine 2010, 
Muscarella and Uriarte 2016), and our work further under-
lines that the functional composition of the species pool 
providing immigrants is in&uential. Taking into account 
the functional diversity of the species pool, and acknowl-
edging the underlying biogeographical and evolutionary 
dynamics, is an important issue that has only recently come 
to focus (Patrick and Brown 2018, Spasojevic et al. 2018). 
TGBE shows the need to better integrate local and regional 
dynamics when examining the functional composition of 
local communities. #erefore, ecologists need to be aware 
of TGBE when interpreting patterns of functional composi-
tion and their causes, notably at the extremes of environ-
mental gradients.
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1. La rareté fonctionnelle : un cadre pour étudier la distance à l’optimalité 
Le premier chapitre a illustré comment des relations CWM ~ Environnement pouvaient 
permettre d’estimer l’optimalité fonctionnelle locale en l’absence d’effets de troncation de la 
distribution fonctionnelle régionale. Nous nous intéressons dans ce chapitre aux espèces qui 
dévient de l’optimalité fonctionnelle locale. Sous l’hypothèse d’un filtre environnemental 
Gaussien, les espèces qui s’écartent fonctionnellement du CWM sont moins abondantes. Ce 
postulat lie deux facettes de la rareté des espèces : la rareté taxonomique locale et la rareté 
fonctionnelle locale. Un article associé à un paquet R permettant de calculer des indices de 
rareté taxonomique et fonctionnelle aux échelles locale et régionale a été publié dans Diversity 
and Distributions. 
 
2. Spécialisation écologique et distance à l’optimalité 
Nous appliquons ensuite ce cadre de travail aux espèces prairiales de la base de données 
DivGrass utilisée dans le premier chapitre. À partir de cette base et de l’analyse de modularité 
présentée dans le premier chapitre, différents modules correspondant à des ensembles 
biogéographiques et fonctionnels ont été définis. Ces modules définissent les grands types de 
prairies utilisés dans le premier article de ce mémoire. L’occurrence des espèces dans un ou 
plusieurs modules permet alors de répartir les espèces le long d’un gradient de spécialisation 
écologique. Après avoir identifié des espèces spécialistes et généralistes, nous les caractérisons 
d’un point de vue fonctionnel à partir de moyennes spécifiques issues de la base de données 
TRY (Kattge et al. 2011). Au-delà de l’identification fonctionnelle de ces groupes d’espèces, 
nous tentons également de caractériser la déviation moyenne à l’optimalité de ces espèces afin 
de vérifier deux hypothèses classiques de la macroécologie stipulant que les spécialistes 
devraient être plus abondantes localement et donc fonctionnellement plus proches de 
l’optimalité et inversement pour les généralistes. Cette étude a abouti à la rédaction d’un article 
actuellement en révision dans Journal of Biogeography. 
L’évaluation de la spécialisation écologique et le lien avec leur caractérisation 
fonctionnelle a également conduit à une comparaison des enveloppes fonctionnelles des 
spécialistes prairiales de la base DivGrass avec des spécialistes des adventices de cultures, 
issues de la base Biovigilance-Flore Network. Cette étude qui évalue la spécialisation 
écologique sous un autre angle a fait l’objet d’un article publié dans American Journal of 
Botany présenté en annexe de ce chapitre.  
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Abstract
Emphasis has been put in recent ecological research on investigating phylogenetic, 
functional and taxonomic facets of biological diversity. While a flourishing number of 
indices have been proposed for assessing functional diversity, surprisingly few options 
are available to characterize functional rarity. Functional rarity can play a key role in 
community and ecosystem dynamics. We introduce here the funrar R package to 
quantify functional rarity based on species trait differences and species frequencies at 
local and regional scales. Because of the increasing availability of big datasets in mac-
roecology and biogeography, we optimized funrar to work with large datasets of thou-
sands of species and sites. We illustrate the use of the package to investigate the 
functional rarity of North and Central American mammals.
? ? ????? ?
biodiversity, biodiversity indices, functional biogeography, functional trait, R package, rarity
?? |??????????????????????????????????
???????????????????????????????????
Biodiversity is multifaceted (Cardoso, Rigal, Borges, & Carvalho, 2014; 
Safi et al., 2011), and many indices have been proposed to summarize 
the taxonomic, phylogenetic and functional composition of ecological 
assemblages (Jarzyna & Jetz, 2016; Mazel et al., 2014). Such indices 
are used to investigate the influence of ecological, biogeographi-
cal and evolutionary processes at local and regional scales (McGill, 
Enquist, Weiher, & Westoby, 2006; Violle, Reich, Pacala, Enquist, & 
Kattge, 2014; Weiher et al., 2011). Many indices, such as community- 
weighted moments, emphasize the contribution of abundant taxa 
because they are expected to make significant contributions to com-
munity and ecosystem functioning (Grime, 1998; Enquist et al. 2015), 
while the role of rare taxa is less addressed.
Rarity relates to biodiversity dynamics at multiple scales of geo-
graphical and niche space. Rabinowitz (1981) defined rarity based 
on the geographical range, habitat specificity and local population 
size of taxa, yielding seven forms of rarity. More recently, Violle et al. 
(2017) extended the scope of Rabinowitz’s (1981) classification to 
further incorporate differences in functional traits among taxa, de-
fining a new component—functional rarity. In this perspective, a spe-
cies (or an individual) can be rare because of the uncommonness of 
its trait values and/or because of its low abundance at the local scale 
(Pavoine, Ollier, & Dufour, 2005). Indices of Functional Distinctiveness 
and Taxon Scarcity were proposed to quantify those two aspects at 
the local scale, respectively. A species can also be functionally rare 
at the regional scale because its functional characteristics are unique 
given the pool of species and/or because it is spatially restricted. 
Functional Uniqueness and Taxon Restrictedness respectively assess 
these two aspects at the regional scale. The four indices together 
provide a framework for characterizing functional rarity (Figures 1 
and 2). Because functional rarity is expected to play a major role in 
ecosystem and biodiversity dynamics, the indices can be used to as-
sess the influences of rare trait values on local and regional dynamics 
(Ricotta et al., 2016; Violle et al., 2017). We here introduce an R (R 
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Core Team, 2016) package named funrar, to quantify functional rar-
ity based on abundance or occurrence data and trait data. The funrar 
package, available through the Comprehensive R Archive Network 
(CRAN), computes Functional Distinctiveness, Functional Uniqueness, 
Taxon Scarcity and Taxon Restrictedness and is optimized to handle 
high- dimensional data (large number of sites and/or large number of 
? ????? ???Basic patterns of Functional Rarity. Four species A to D are illustrated. Functional indices are represented in top figures: 
Functional Distinctiveness (left) is the average functional distance of a species to the other species in the community, species D is absent from 
this community, thus, the Distinctiveness of species C D
C
 is simply the average of distance of species C to species A, d
CA
, and to species B, d
CB
; 
Functional Uniqueness (top right) is the functional distance of a species to its nearest neighbour in a regional species pool (see Equation 3); 
here, A and D are nearest neighbours as well as B and C. Taxon Scarcity (bottom left), where S
i
 denotes the Scarcity of species i, it is inversely 
proportional to the abundance of species i (see Equation 4), because species D is absent from the community its scarcity cannot be computed; 
Taxon Restrictedness (bottom right) is assessed from the occurrences of species across four sites (four tiles) and R
i
 denotes the Restrictedness of 
species i, it equals one minus the number of times a species across all sites over the total number of sites (see Equation 5), species A is present in 
all four sites, thus its Restrictedness R
A
 equals zero
? ????? ???Functions available in 
funrar to compute the different facets 
of functional rarity. Functions handle 
two formats of site composition, the 
default one assumes that the input 
dataset is a site- species matrix, while 
the _stack() versions use “tidy” 
format; _com() functions provided for 
Functional Distinctiveness and Scarcity 
take a single community as input. Note 
that regional- level indices—Restrictedness 
and Functional Uniqueness—are computed 
using the complete dataset, giving a 
single index per species. The site- level 
indices—Functional Distinctiveness and 
Scarcity—are computed for each site- 
species combination, giving one value per 
site- species combination
??? |? ?GRENIÉ ET AL.
species) using sparse matrix algebra. We illustrate the application of 
this package for examining functional rarity using data on North and 
Central American mammals (Lawing, Eronen, Blois, Graham, & Polly, 
2016a) (the code to run the analyses is available on Github at https://
github.com/Rekyt/mamm_funrar archived on Zenodo https://doi.
org/10.5281/zenodo.375605).
?? |???????????????????????????????
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Users must provide a site- by- species matrix of community composi-
tion across sites, with either the presence–absence or relative abun-
dances of species. funrar functions can handle site- by- species data 
in any of three formats: site- species matrix (with sites as rows and 
species as columns, see Figure 1 for available functions); “tidy” for-
mat (Wickham, 2014), with each row coding the observation of a 
single species at a given site (the function has a _stack suffix); or 
as a single community (the function has a _com suffix). Abundance 
or occurrence information can be based on population or community 
census and possibly account for imperfect detection (Dénes, Silveira, 
& Beissinger, 2015; Iknayan, Tingley, Furnas, & Beissinger, 2014; 
Jarzyna & Jetz, 2016).
Functional distances or dissimilarities are used in the calculation of 
functional rarity indices (Violle et al., 2017). In funrar, a functional dis-
tance matrix can be calculated from a table of one or several traits mea-
sured for each taxa with compute_dist_matrix(). Different kinds 
of traits (continuous, categorical, ordinal) can be scaled or weighted 
in various ways when combined (Pavoine, Vallet, Dufour, Gachet, & 
Daniel, 2009). By default compute_dist_matrix() computes 
the unweighted Gower’s (1971) distance because it covers classes of 
trait data and makes them comparable, but the user can also specify 
 euclidean or manhattan distances. It is possible to scale traits using 
the center and scale arguments when traits are continuous.
Functional Distinctiveness and Functional Uniqueness are com-
puted from the functional distance and species composition matrices. 
Functional Distinctiveness (D
i
, distinctiveness()) of a species, 
that is the uncommonness of a species’ traits compared to other spe-
cies’ traits in an assemblage (Figure 1 bottom left), weighted or not by 
species’ relative abundances (Violle et al., 2017) is: 
with d
ij
 the functional dissimilarity between species i and species j, N 
the total number of species in the given assemblage, A
j
 the relative 
abundance of species j in the given assemblage. D
i
 is scaled between 
zero, if the focal species is identical to all the other species, and one 
when the focal species is most dissimilar to the other species. If only 
the presences–absences are provided, A
j
 = 1/N for all j and D
i
 simpli-
fies as: 
D
i
 is the mean dissimilarity of a focal species as defined in Ricotta 
et al. (2016), that is the mean pairwise functional dissimilarity from a 
focal species to all the others. Functional Distinctiveness then relates 
to functional redundancy in an assemblage: the larger the index value, 
the more distant (less redundant) a species (or an individual) is to the 
average functional position of the assemblage in the functional space, 
that is the centroid.
Functional Uniqueness (U
i
, uniqueness()) is the functional dis-
tance of a focal species i to its nearest neighbour in a set of assem-
blages (Figure 1 bottom right): 
with d
ij
 the functional dissimilarity between species i and species j, for 
all pairs of species considered across the site- species matrix with j???i. 
It quantifies how isolated a species is in the functional space without 
considering abundances: the higher the index value, the more distant 
a species is to its closest neighbour in the functional space.
As emphasized by Violle et al. (2017), a species can be functionally 
distinct (high D
i
) in a given community but not functionally unique in an 
entire region (small U
i
). In this regard, Distinctiveness and Uniqueness 
are used to uncover scale- dependent biodiversity dynamics: by de-
fault, funrar provides the former at local site level while the latter is 
computed at regional scale (whole site- species matrix). At local scale, 
community dynamics involve all coexisting species and their relative 
abundance is expected to convey the signature of assembly processes. 
Between- species dissimilarities and Functional Distinctiveness are 
thus relevant to assess the role of functional originality in commu-
nity assembly. At regional scale, Functional Uniqueness can represent 
how taxa depart from a regional pool due to specific biogeographical 
and evolutionary legacies and should then be estimated based on the 
whole site- species matrix. Nevertheless, each index can be computed 
at both scales to grasp the different aspects of functional rarity (ex-
amples in the help of distinctiveness() and uniqueness()).
Because Distinctiveness and Uniqueness are computed using mul-
tiple traits, it can be difficult to disentangle if a species exhibits high 
values because of a single extreme trait value or because it has sev-
eral rare trait values. The uniqueness_dimensions() and dis-
tinctiveness_dimensions() functions respectively compute 
Uniqueness and Distinctiveness values from the traits taken one by 
one as well as altogether. The former outputs a table with the value 
of Uniqueness for each trait and for all the traits considered together, 
while the latter outputs a list of site- species matrices of computed 
Distinctiveness values, one matrix per trait and one for all the traits 
considered together.
The second set of functions deals with the taxon component 
of functional rarity. Two indices estimate it: Taxon Scarcity (scar-
city()) in an assemblage and Taxon Restrictedness (restricted-
ness()) in a set of assemblages. Taxon Scarcity (scarcity()) of a 
species in a given assemblage gets close to one when the species has 
low abundance in the site and gets close to zero when it dominates 
the assemblage: 
(1)Di=
∑N
j=1,j≠i
dijAj
∑N
j=1,j≠i
Aj
,
(2)Di=
∑N
j=1,j≠1
dij
N−1
,
(3)Ui=min(dij),
(4)Si=exp(−NAiln2),
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 where N is the number of species and A
i
 the relative abundance of species 
i at the focal site. When species are equally abundant in the assemblage, 
with 1/N relative abundances, S
i
 equals 0.5. Scarcity cannot be computed 
with only the presence–absence data in the site- by- species matrix.
Taxon Restrictedness is an index between zero and one. It in-
creases when a species is present in less sites of the site- species ma-
trix. Restrictedness nearly equals one when a species is present in a 
single site (examples on Figure 1): 
? ????? ???Maps of functional rarity 
indices averaged per site in North and 
Central America using a subset of the 
dataset of North and Central American 
Mammals from Lawing et al. (2016a). All 
indices have been scaled per site between 
0 and 1. (a) Functional Uniqueness; (b) 
Taxon Restrictedness; (c) Functional Rarity, 
the average of Functional Uniqueness 
and Taxon Restrictedness per site. The 
geographical projection of maps is Albers 
Equal Area (ESRI:102008)
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where K
i
 is the number of sites where species i occurs and Ktot the total 
number of sites in the dataset. R
i
 equals one when the species is com-
pletely absent from the dataset. Restrictedness can also be computed 
for predicted species distributions from ecological models (Guisan & 
Thuiller, 2005). A threshold of the predicted probabilities of occurrence 
(Jiménez- Valverde & Lobo, 2007; Liu, Berry, Dawson, & Pearson, 2005) 
is then used to derive the matrix of species occurrences per pixel.
Because of the increasing availability of large- scale and intensive 
datasets in ecology (Hampton et al., 2013), a site- species matrix can 
contain thousands of sites and thousands of species. However, as 
not all species are everywhere, site- species matrices are usually filled 
with many zeroes. Sparse matrices allow storing only the position of 
non- zero cells, saving memory. funrar performs sparse matrix calcu-
lations using the Matrix package for quicker and memory- efficient 
computations (Bates & Maechler, 2016). For more details, see the 
 vignette included in the package.
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We used funrar to analyse a subset of the dataset of North and 
Central American Mammals from Lawing et al. (2016a), Lawing, 
Eronen, Blois, Graham, and Polly (2016b). We selected 265 species out 
of 558 for which trait information was available. We used six traits rel-
evant to mammal ecology (body mass, litter size, diet breadth, trophic 
level, habitat breadth and terrestriality, see Jones et al. (2009) for de-
tailed trait explanation). The dataset comprises the presence–absence 
information for the 265 species across 9699 50 km x 50 km cells. 
We asked whether there are “hotspots” of Functional Uniqueness in 
North America and Central America for the six aforementioned traits; 
whether species that are functionally unique are geographically re-
stricted; what the most functionally distinct and unique mammal spe-
cies in the dataset are; and whether there are more functionally rare 
species in temperate, tropical or boreal areas.
For each species, we calculated Functional Uniqueness and 
Taxon Restrictedness indices and averaged them across species 
by grid cell. Because those two indices are regional- level indices, 
each species had a unique value, and the variation in averaged in-
dices among grid cells thus reflects change in species composition. 
We produced maps of the average values for indices in North and 
Central America (Figure 3). We also computed functional rarity—the 
average of Functional Uniqueness and Taxon Restrictedness—where 
each is scaled between zero and one. The most functionally unique 
cells were in Cuba (Figure 3a), meaning that they hosted, on aver-
age, species that are quite functionally unique compared to the 
species pool of North and Central America. This pattern may be 
due to the tropical climate present in Cuba, which is less present 
(5)
Ri=1−
Ki
Ktot
,
? ????? ???Biplot of Functional 
Uniqueness against Taxon Restrictedness 
per species across the whole dataset 
(N = 265 species). Note that both 
Functional Uniqueness and Taxon 
Restrictedness have been scaled between 
zero and one for easier comparison 
(Spearman’s rho = – .06, p = .323, 
S = 3290600). The red dot indicates the 
position of Castor canadensis. Marginal 
distributions are indicated on the sides of 
the graph
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across the rest of the dataset. We also identified a latitudinal gradi-
ent in Taxon Restrictedness (Figure 3b): sites at low latitude hosted 
more restricted species on average than sites in temperate and bo-
real regions, a pattern that complies with Rapoport’s rule (Gaston, 
Blackburn, & Spicer, 1998; Rapoport, 1982). Altogether, combining 
the two facets into a single index highlighted Cuba as a hotspot of 
functional rarity (Figure 3c).
At the species level, Functional Uniqueness and Taxon 
???????????????????????????????????????????????????????????p = .323) 
(Figure 4). Most species were geographically restricted (with many 
values around 1, meaning that they were present in a few grid cells 
only) but functionally redundant, that is with low values of Functional 
Uniqueness. Conversely, almost no species were both geographi-
cally widespread and functionally unique, apart from Castor canaden-
sis (red dot in the bottom right corner of Figure 4), which occupies 
a very specific habitat (fossorial and ground dwelling) and is distrib-
uted continent- wide. Functional Distinctiveness and Functional 
Uniqueness were correlated (Spearman’s rho = .37, p < .001), indicat-
ing that species that were locally functionally distinct tended to be 
regionally functionally unique. Even though local functional rarity and 
regional functional rarity were quite correlated, the weak correlation 
implies that rarity should be estimated both at the local and regional 
scale because it contrasts different types of rarity.
In summary, North and Central American mammals display a bio-
geographical gradient of functional rarity, such as species at low lat-
itude show higher Functional Uniqueness and Taxon Restrictedness 
(Figure 3), even though most mammal species have low Functional 
Uniqueness and high Taxon Restrictedness (top left corner in Figure 4). 
The absence of correlation of Functional Uniqueness and Taxon 
Restrictedness shows that these components of functional rarity pro-
vide complementary information. Therefore, both components should 
be considered when mapping rarity and defining priority targets in 
conservation programs.
?? |???????????
Conservation biology has historically focused on the protection 
of rare species in terms of taxon occurrences and abundances 
(Prendergast, Quinn, Lawton, Eversham, & Gibbons, 1993). Although 
it can be decomposed in local, regional and habitat dimensions 
(Rabinowitz, 1981), this approach has emphasized taxonomic rar-
ity and neglected the originality of functional attributes. Recently 
though, assessing species originality in terms of phylogenetic rarity 
(Cadotte & Jonathan Davies, 2010; Isaac, Turvey, Collen, Waterman, 
& Baillie, 2007; Rosauer, Laffan, Crisp, Donnellan, & Cook, 2009) 
and functional rarity (Mouillot et al., 2013; Umaña, Zhang, Cao, 
Lin, & Swenson, 2015; Violle et al., 2017) has gained momentum. It 
underlines the need to characterize patterns of rarity through the 
ecological and evolutionary attributes that influence biodiversity dy-
namics at multiple scales. Uncorrelated Functional Uniqueness and 
Restrictedness in North and Central American Mammals suggest that 
the functional component of rarity should be considered for a more 
comprehensive assessment of biodiversity dynamics and a better de-
sign of conservation strategies. Such integrated view on rarity ech-
oes Winter, Devictor, and Schweiger (2013) suggestion to “[include] 
other facets of diversity” for conservation. The funrar package con-
tributes to the growing toolbox available for researchers to study and 
quantify the various dimensions of biodiversity and rarity. Adding the 
functional rarity string would strengthen the bow of diversity and 
rarity facets.
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funrar stable version is available on CRAN (via install.
package(“funrar”) or https://cran.r-project.org/package=funrar) 
and the development version is on Github at https://github.com/
Rekyt/funrar. The code necessary to reproduce the analyses is on 
Github at https://github.com/Rekyt/mamm_funrar, an archived ver-
sion is accessible on Zenodo https://doi.org/10.5281/zenodo.375605
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Abstract 
  
Aim: Ecological specialization is a property of species associated to the variety of contexts they 
occupy. Identifying the mechanisms influencing specialization is critical to understand species 
coexistence and biodiversity patterns. However, the functional attributes leading to 
specialization remain unclear. Similarly, there is contrasted evidences between the 
specialization and the local abundances of species. We ask whether specialist and generalist 
species (i) are associated to distinct functional profiles, using core plant functional traits and 
strategies, (ii) show comparable functional variation, and (iii) how they perform at local scale. 
Location: Grassland communities throughout France. 
Taxon: Herbaceous plants. 
Methods: Our approach is based on the structure of a bipartite network integrating the 
occurrences of ~2.900 plant species in ~90.000 sites. We identified ecologically coherent sets 
of species and sites, called modules. To define a metric of specialization, we quantified the 
occurrences of species in sites belonging to one or several modules. We used functional traits 
related to resource acquisition, competition for light and dispersal abilities and also indices of 
competitive, stress-tolerance and ruderal strategies. 
Results: We identified five major modules in the bipartite network, related to different 
environmental conditions and composed of species displaying different functional attributes. 
Species that were more specialists were less competitive, had smaller stature, higher stress-
tolerance and stronger resource conservation, while generalist species were more competitive. 
Generalists were also more similar among them than specialists. In addition, specialist species 
had higher local abundances and displayed small deviation from the functional average of their 
communities regarding plant height. 
Main conclusions: We found distinctive functional signatures of specialist and generalist 
species in grassland communities across diverse environments at regional and community 
scales. Network metrics can benefit community ecology to test classical macro-ecological 
hypotheses by identifying distinct ecological unit at large scale and quantifying the links 
developed by species. 
 
Key words: bipartite network, generalist species, grassland, plant functional trait, 
specialist species, specialization   
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Why many specialist species are tight to a given environmental context while a few 
generalist ones can occupy diverse contexts is a fascinating question in biogeography and 
macroecology (Gaston & Blackburn, 2008). Understanding the mechanisms causing ecological 
specialization is of primer importance (Clavel, Julliard, & Devictor, 2011) and functional traits, 
as surrogates of the local performance of species (Violle et al., 2007), should bring valuable 
information to unravel the causes of ecological specialization. Greater competitive ability can 
allow occupying a broader set of biotic contexts and be more generalist (Boulangeat, Lavergne, 
Van Es, Garraud, & Thuiller, 2012; Wisheu, 1998), and/or higher dispersal and establishment 
ability allow occupying diverse contexts owing to source-sink dynamics in less suitable 
contexts (Leibold et al., 2004; Southwood, 1977). Conversely, stress-tolerant species should 
occur in a narrower range of environmental conditions, and be more specialist (Boulangeat et 
al., 2012). However, few studies have examined the linkage of ecological specialization and 
functional traits (Boulangeat et al., 2012; Murray, Thrall, Gill, & Nicotra, 2002). In addition, 
while ecological specialization is also expected to determine both local abundance and regional 
frequency, no consensus has been reached. Specifically, the “jack-of-all-trades-master-of-
none” hypothesis (MacArthur, 1961; MacArthur & MacArthur, 1961) posits that generalist 
species should be less performant than specialist species in a given habitat, since the ability to 
occupy several habitats should be at the expense of physiological investment in a specific 
context. Conversely, the “jack-of-all-trades-master-of-all” hypothesis (Brown, 1984) states that 
generalist species perform better at both regional and local scales, meaning that they should be 
both more abundant locally and more frequent regionally.  
Over broad environmental gradients, ecological specialization can be quantified as the 
extent of environmental conditions where a species occur, i.e., as the width of its Grinnellian 
niche (Devictor et al., 2010; Grinnell, 1917; Julliard, Clavel, Devictor, Jiguet, & Couvet, 2006; 
Kassen, 2002). Environmental gradients can be discretized into habitat types, and specialization 
can then be quantified based on how species are distributed across habitats (Chytrỳ, Tichỳ, Holt, 
& Botta-Dukát, 2002; Devictor et al., 2010; Julliard et al., 2006). Because environmental 
filtering should select assemblages of species with similar adaptations to a given environmental 
context, we expect assemblages of a given habitat to display more similar composition than 
assemblages of different habitats. Then ecological generalization can be defined based on the 
ability of species to occur in assemblages with more diverse compositions (Fridley, 
Vandermast, Kuppinger, Manthey, & Peet, 2007).  
Network theory provides a relevant context to identify groups of species co-occuring 
more often than by chance, and of sites with more similar composition, and thus to partition 
distinct habitat types and species occurring therein (Tylianakis & Morris, 2017). A 
metacommunity can be represented as a bipartite network including two types of nodes, the 
sites and the species (Fig. 1, Dormann, Fründ, & Schaefer, 2017). In such a network, an 
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occurrence of a species within a site constitutes a link between the two types of nodes. 
Modularity analysis allows identifying subsets of nodes, called modules, which are more linked 
together than expected by chance (Newman, 2006). This analysis is only based on the way 
occurrences are distributed across communities. In ecological words, the modules of a 
metacommunity network (Fig. 1) represent different abiotic habitats (Dormann et al., 2017), 
biogeographic pools (Bestová, Munoz, Svoboda, Škaloud, & Violle, 2018; Holt et al., 2013; 
Kreft & Jetz, 2010) and functional groups (Carstensen, Lessard, Holt, Krabbe Borregaard, & 
Rahbek, 2013). Although similar to other clustering techniques, modularity analysis is immune 
to the choice of a distance metric across communities, and thus has proved outperforming 
distance-based clustering techniques to classify habitat types (Bloomfield, Knerr, & Encinas-
Viso, 2018). Based on the partition into modules, the way a species occurs more or less often 
in diverse modules represents its ability to occur in diverse assemblages and contexts, and 
should thus relate to ecological specialization. It can be quantified by the coefficient of 
participation to the modules, which has also been used to represent specialization in plant-
pollinator networks (Olesen, Bascompte, Dupont, & Jordano, 2007) (Fig. 1b). Consequently, a 
species that mainly occurs in sites of its own module will be more specialist to the context of 
the module, while a more even distribution of occurrences across modules should reflect 
generalization (Fig. 1c).  
 
Figure 1. Characterizing specialization in a bipartite network of species occurrences in sites. 
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(a) A site-species matrix with seven sites (letters in rows) and eight species (plants in columns). A grey 
cell indicates a species occurrence within a site. Panel (b) shows the bipartite network representation of 
this matrix. The links represent the occurrences of species within sites. The envelopes represent distinct 
modules derived from a modularity analysis. Modules are compound of nodes linked more often 
together than expected by chance. Panel (c) represents a theoretical C-intra-module degree space derived 
from the modularity analysis. C is the coefficient of participation and quantifies the variety of modules 
assigned to the sites where one species occurs. The intra-module degree axis corresponds to the 
standardized number of occurrences of one species within its own module in comparison with all the 
other species. We selected species more often occurring in the module, above the median of the intra-
module degree line. More generalist and specialist species are located above the 75% (blue rectangle) 
and below the 25% (yellow rectangle) quantile of C values, respectively. 
 
Elementary plant functional traits define two major axes of phenotypic variation related 
to plant stature and dispersal abilities, on one hand, and to resource acquisition and tolerance to 
physiological stress, on the other hand (Díaz et al., 2016; Westoby, Falster, Moles, Vesk, & 
Wright, 2002). These elementary traits also allow quantifying basic ecological strategies within 
a triangle of Competitive, Stress-tolerant and Ruderal strategies (Grime, 1977). Plant 
competitiveness is related to the capacity to intercept light resource, with higher stature or larger 
leaf area. Seed mass relates to dispersal and establishment abilities (Garnier, Navas, & Grigulis, 
2016). If generalist species were more competitive, they should be taller and have broader 
leaves. They could also disperse further and be more ruderal, given that ruderality is associated 
to greater colonization abilities (Baker, 1965; Grime, 1977). Conversely, specialist species of 
more stressful contexts should display trait values enabling survival and reproduction. Lower 
specific leaf area (SLA), higher leaf dry matter content (LDMC) or lower leaf nitrogen content 
(LNC) can reflect greater resource conservation and stress tolerance (Garnier et al., 2016). We 
thus ask whether stress-tolerance scores are associated with greater specialization and 
competitive scores with generalization.  
Because different habitats reflect different environmental conditions, more specialist 
species should display different functional attributes across habitats. Conversely, generalist 
species should display a similar syndrome of trait values allowing greater competitive or 
dispersal abilities everywhere. We thus expect greater functional variation between specialists 
than between generalists. At the local scale, the contrasted “jack-of-all-trades” hypotheses posit 
that either specialist or generalist species should be more abundant. Under the “master-of-all” 
hypothesis, more competitive generalists can outperform specialists and be more abundant 
locally (“jack-of-all-trades-master-of-all”, Brown (1984) while the “master-of-none” 
hypothesis states that stress-tolerant specialist should outperform generalist species in their 
habitats. In terms of functional traits, specialists or generalists should then be closer to the local 
weighted mean value, representing a local functional optimum (Shipley, 2010; Violle et al., 
2007). Under the “master-of-all” hypothesis, more competitive generalists should be closer to 
the local average trait value while specialists are farther regarding the traits linked with 
competitiveness. Under the “master-of-none” hypothesis, specialist species would be 
functionally closer to the local optimum which would relate to an environmental stress. We test 
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both hypotheses by comparing the functional distances of each species to the optimum of their 
communities. 
We analyze how functional traits and ecological strategies relate to plant specialization 
in a grassland metacommunity network including ~95.000 communities and ~2.900 plant 
species across broad environmental gradients in France (Borgy et al., 2017; Violle et al., 2015). 
We quantify specialization of plant species of the metacommunity using a network-based 
approach. We analyze data on species functional trait values and basic CSR ecological 
strategies of plants to answer the following questions: (i) are generalist species more 
competitive and better dispersers and specialist species more stress-tolerant?, (ii) are generalist 
species functionally closer to each other than specialist species?, (iii) are specialist or generalist 
species more abundant within their communities? 
 
Material & methods 
Vegetation data 
The French permanent grasslands dataset includes 96,132 botanical plots and 2,930 
species from the DivGrass project (Borgy et al., 2017; Violle et al., 2015). Most of the plots 
(75,872) report the relative cover of all species present in a homogenous plot (phytosociological 
relevé), and following a six-level scale: 0-1%, 1-5%, 5-25%, 25-50%, 50-75% and 75-100%. 
The median of each class provides a quantitative scale. The remaining 20,260 plots include 
presence/absence data only. 
 
Plant trait data 
We extract plant functional trait information from a number of databases and local 
datasets (including the TRY database – Kattge et al. (2011) - see Violle et al. (2015) and Borgy 
et al. (2017) for details about trait data compilation), for specific leaf area (SLA) (in square 
meters per kilogram), plant height (in meters), seed mass (in grams), leaf area (LA) (in mm²), 
mass-based leaf nitrogen concentration (LNC) (in milligrams of nitrogen per gram) and leaf dry 
matter content (LDMC) (in milligrams per gram). We use mean trait values for each species, 
and assume that interspecific variation prevails over intraspecific trait variation in driving 
functional turnover in community composition at large biogeographical scale (Kazakou et al., 
2014; Siefert et al., 2015).  
We characterize CSR strategies using SLA, LDMC and leaf area values, following the 
algorithm proposed by Pierce et al. (2017). Briefly, a multivariate analysis including the three 
functional traits allows deriving three axes describing competitive ability, stress-tolerance and 
ruderality, rescaled in percentage.  
We also extract the Ellenberg bioindicators (Ellenberg, 1988) relative to soil pH and 
edaphic humidity for each species, the information being available for 66% of our species with 
equal repartition across modules. pH and soil humidity are indeed structuring variables of the 
distinct grasslands in France (Violle et al., 2015). We therefore compare the associated 
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Ellenberg coefficients of species across modules (see Appendix S1 in supporting information, 
panels c and d). 
 
Modularity analysis in the network 
From the site-species matrix of grassland communities, we define a bipartite network 
composed of two types of nodes: the sites and the species. Each type of node can only be linked 
with the other type of node and a link represents an occurrence of a species within a site. We 
use the Louvain algorithm in Matlab (Matlab 8.0 and Statistics Toolbox 8.1) to delimit modules 
in this network (Blondel, Guillaume, Lambiotte, & Lefebvre, 2008). This algorithm maximizes 
a statistics of modularity, Q, by successively changing the module assigned to each node in 
order to maximize the variation inter-module in comparison with the variation intra-module. 
For a given partition of species and sites into modules, this modularity statistics quantifies the 
density of links within modules compared to a random distribution (Blondel et al., 2008; 
Newman, 2006). The algorithm identifies the partition that maximizes this statistic. For 
grassland communities, this partition included 17 modules, in which five modules included the 
majority of plots (87.64% of the whole DivGrass database) and represented major grassland 
types (Carboni et al., 2016; Violle et al., 2015). The modularity statistic Q associated to our 
network was equal to 0.48, a maximal value of 1 corresponding to a perfect modular network 
while the minimal value of 0 is associated to an absence of any modularity (Blondel et al., 2008; 
Newman, 2006). 
 
Environmental, functional and taxonomic characterization of the modules 
For each plot, we extracte two climatic environmental variables, mean annual 
temperature (MAT) (in degrees Celsius) and mean annual rainfall (MAR) (in millimeters), from 
the WorldClim database (http://www.worldclim.org/current) at a 30 seconds resolution and 
aggregated at 5km x 5km spatial resolution, since most of our communities were geo-located 
at the municipality level with an uncertainty of a few kilometers (Violle et al., 2015). We then 
characterize the variation in environmental values of sites among the five main modules using 
rank-sum Kruskal-Wallis tests (Appendix S1). Similarly, the functional trait of species of the 
different modules are compared using rank-sum Kruskal-Wallis tests (Appendix S2) Post-hoc 
tests are performed using Fisher’s least significant difference. 
As species assigned to a module can occur in sites from other contexts, we quantify the 
turnover of species between the five modules using the Sørensen index as a measure of 
dissimilarity (see Appendix S3). The lower this index is for a pair of modules, the more species 
the modules share. 
 
Classification of generalist and specialist species 
First, we select the 50% most common species in each module (Fig. 1c) to discard 
infrequent and ephemeral species from our analysis of specialization. We then quantify 
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specialization with the coefficient of participation, C (Guimera & Nunes Amaral, 2005), based 
on the species relative frequency in the five grassland modules: 
!" = 1 #$%&"'&" (
)*+
',-  
where NM is the number of modules in the network, kis the number of links displayed by 
species i in module s and ki the total number of links of node i. C ranges from 0 which 
corresponds to a species occurring only in sites of its own module, i.e. a strict specialist species, 
to 1-1/NM (i.e. 0.8 with five modules), i.e., a most generalist species. We select the top specialist 
and generalist species falling below and above the 25% and 75% quantile of C values, 
respectively. The distribution of C values can vary across modules, indicating that some 
modules can include more generalist or specialist species (see Appendix S4). The remaining 
species with C values between the 25% and 75% quantiles are labelled as “others”. 
 
Functional attributes of generalists and specialists 
We compare the functional traits of generalists and specialists with other species from 
the entire network, as well as within each module using rank-sum Kruskal-Wallis tests. These 
tests are resistant to the disequilibrium between the number of species in each group, which is 
important since we have 277 specialist species, 277 generalist species and 551 other species in 
the five main modules, and allow comparing the functional means of each group (Fig. 2). Seed 
mass and leaf area, due to their high asymmetry, were log-transformed. We also compare the 
functional traits of specialist and generalist species to the species of their own module 
(Appendix S5). 
To assess the correlations between the functional traits used, we plot all the Pearson 
correlations (see Appendix S6) and also perform a principal component analysis (PCA) of the 
six traits to characterize the main dimensions of functional variation in the global set of 
generalists, specialists and other species. All traits are scaled to unit variance. We test 
differences in scores between specialists, generalists and the other species with a rank-sum 
Kruskal-Wallis test, for each of the two first principal components. Leaf mass per area (LMA), 
i.e. the reverse of SLA, is used instead of SLA in PCA as in Díaz et al. (2016) (Appendix S7). 
We also test whether specialist species are functionally more different between each 
other than generalist species by performing a two-way analysis of variance (ANOVA) for each 
trait and CSR score, with the module of species as a group factor (Fig. 3).  
 
Frequency and local abundances of specialist and generalist species 
Regional frequency of species as well as their local abundances are compared using a 
Kruskal-Wallis test across the three groups of species (Fig. 4). The mean of the local 
abundances per species is used in this analysis. 
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We also test how the trait values of generalist and specialist species deviate from the 
mean trait value of the other species in the community. For species i, the deviation Di is defined 
as the mean of the absolute distances between its trait value Ti and the Community Weighted 
Mean (CWM) of the community it occurred in, such as: 
." = / |0" # / 2303*'43,-;35" |*6786,- 9:<>"  
with c a community where species i occurs, Ncom the number of communities where 
species i occurs, Ti its trait value, pj the abundances of the Nsp other species in community c, 
with / 23 = 1*'43,-;35"  and Tj their trait values. An average distance across communities equals 
to zero for one species when its functional trait equals the community weighted mean (CWM) 
of its communities. Conversely, high functional deviation indicates that the species’ trait greatly 
departs from the average CWM of communities where the species occurred 
The deviation between species trait and CWM, as a measured based on functional 
distances between species, is similar to distinctiveness (Violle et al., 2017). We calculate the 
deviation in communities including more than 5 species, within the 75,872 plots having relative 
abundance information. We compare the deviation across generalist, specialist and other 
species using Kruskal-Wallis rank-sum tests (Appendix S8).  
All these analyses are performed with R (R Core Team, 2017) v3.4.3. 
 
Results 
Ecological profile of the network-based modules 
We found broad environmental variation of sites and functional changes of species 
across the five main modules (see Appendices S1 & S2). The first module, including species 
with higher Ellenberg values regarding to soil pH, basically represents the context of dry 
calcareous grasslands. The second module includes sites with lower annual temperature and 
higher precipitation and represents the context of mountain meadows. The third module 
includes species with higher stature, greater leaf area and LNC, and represents the context of 
mesic meadows at low elevation. These mesic grasslands also had sites with intermediate mean 
annual temperature and precipitation compared to the other modules. The fourth module is 
composed of species with higher Ellenberg values regarding the edaphic humidity and relatively 
high specific leaf area and LDMC. The communities of this module correspond to wet 
grasslands. The fifth module includes sites associated to high temperature and low precipitation 
(Appendix S1), includes more ruderal species, and represents disturbed grasslands with many 
Mediterranean taxa (Appendix S2). Dry calcareous, ruderal and mesic grasslands shared more 
species than other pairs of modules, as well as for mesic, wet and mountain grasslands 
(Sørensen index, see Appendix S3). Mountain and disturbed grasslands shared almost no 
species, similarly than for ruderal and wet grasslands. Appendix S9 shows the spatial 
distribution and density of sites for each module. 
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Functional profiles of generalist and specialist species 
The trait means of generalist plant species were higher than the means of other species 
regarding plant height, leaf area and competitive score, and did not depart for the other traits 
(Fig. 2). In the multivariate space integrating the six traits and describing the two main 
functional axes related to competitive abilities and resource acquisition (Díaz et al., 2016), 
generalist species did not differ from other species on the first two axes (Appendix S7). 
Specialist species had lower SLA, plant height, leaf area and LNC overall. They were also less 
competitive, less ruderal and more stress-tolerant (Fig. 2). Accordingly, they displayed lower 
score on the first PCA axis (Appendix S7). We obtained similar results when comparing species 
within their own module, but with some specificities (Appendix S5). Dry calcareous specialists 
did not depart from other dry calcareous species for LDMC and competitive abilities. Mountain 
meadow specialists were similar to other species of the module in terms of LNC and ruderality, 
but had higher LDMC and lower seed mass. Specialist species of wet grasslands displayed the 
highest values of LDMC. Disturbed (and Mediterranean) grassland specialists had lower LNC 
than other species, but did not depart for other foliar traits. Although mostly following the 
global pattern, some generalist species showed specific signatures in their modules, e.g., 
mountain generalists had higher seed mass, while generalists in disturbed grasslands had lower 
LNC. Regarding plant height and leaf area, generalists of dry calcareous and disturbed 
grasslands were not distinct from the species of their respective modules. 
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Figure 2. Functional signature of specialist and generalist species. 
Each panel corresponds to a trait. Yellow dots correspond to the specialist species, grey dots to the other 
species and blue dots to the generalist species. Global tests between groups were performed according 
a rank-sum Kruskal-Wallis test and were all significant. Post-hoc tests, represented by the letters on the 
right of each category, were performed using Fisher’s least significant difference to differentiate groups. 
Vertical grey line within each panel corresponds to the overall mean of the focal functional trait. The 
bigger colored dot corresponds to the mean of each group and its deviation towards the overall mean is 
figured by a colored segment.  
 
Specialization and functional similarity  
 We tested trait differences among specialists and among generalists across 
modules. We found that specialist species were functionally more dissimilar than were 
generalist species among modules, for SLA, plant height, LNC and leaf area. However, 
generalist species differed slightly more among modules than specialists in terms of LDMC, 
seed mass, stress-tolerance and ruderality scores. No difference was observed regarding the 
competition score (Fig. 3). 
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Figure 3. Functional similarity of specialist and generalist species. 
Each panel corresponds to a functional trait. The figures show the distribution of trait values of generalist 
species (left column) and specialist species (right column) for each module (different color with from 
left to right: calcareous, mountain, mesic, wet and ruderal grasslands) and for each selected trait. Within 
each group, an ANOVA was performed to test whether species were functionally different. The 
significance of the module term is based on the F-statistic derived from ANOVA analysis and figures 
above each category within each panel. “ns” stands for non-significant difference between the two 
groups, * corresponds to a significance of 5%, ** of 1% and *** of 0.1%. 
 
Frequency and local abundances of specialist and generalist species 
When comparing the differences between occurrences of specialist and generalist 
species, we found that generalist species were more present at the regional scale than other 
species and that specialist species were less abundant. However, within communities, the 
average local abundances of specialist species were higher than for the other species and 
conversely for the generalist species (Fig. 4). 
We also assessed how specialist and generalist trait values deviated from the weighted 
mean of the communities (CWM) where they occurred. Specialist species deviated less than 
other (neither generalist nor specialist) species for plant height while generalist species were 
closer to CWM for leaf area (Appendix S8). Specialist species thus appeared to have lower 
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stature (Fig. 2) and to be closer to the CWM of this trait than other species. Therefore, specialist 
species tended to occur in communities composed by species with low plant height, even though 
some specificities could be expected regarding the trait distribution within modules. Generalist 
species, as species with larger leaves than other species (Fig. 2), tended to occur in communities 
with species having large leaf area. These trends imply that generalist species coexist with a 
fewer number of specialist species than generalists and conversely, which has been verified (see 
Appendix S10). 
 
Figure 4. Regional frequency and local abundance of grassland species. 
The left panel presents the log-transformed number of occurrences of generalists and specialists, while 
the right panel concerns their log-transformed relative mean local abundances. Yellow dots correspond 
to specialist species, grey dots to the other species and blue dots to the generalist species. Global tests 
between groups were performed according a rank-sum Kruskal-Wallis test and were all significant. Post-
hoc tests, represented by the letters on the right of each category, were performed using Fisher’s least 
significant difference to differentiate groups. Vertical grey line within each panel corresponds to the 
overall mean of the focal functional trait. The bigger color dot correspond to the mean of each group 
and its deviation towards the overall mean is figured by a color segment. 
 
Discussion 
In this article, we tested how functional traits of plant species related to axes of resource 
acquisition, competition and dispersal (Díaz et al., 2016; Grime, 1974; Grime, 1977; Pierce et 
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al., 2017; Wright et al., 2004) were linked to specialization across large-scale co-occurrences 
based modules. These links reflected how functional trade-offs primarily playing on local 
persistence scale up and determine large-scale diversity patterns (Araújo & Rozenfeld, 2014). 
The question thus meets the agenda of emerging functional biogeography (Violle, Reich, 
Pacala, Enquist, & Kattge, 2014), and relates to the key issue of how niche differences influence 
assembly rules and dispersal dynamics across scales. Using large-scale network modules and 
how species are associated with them, we demonstrated that specialist species were more akin 
to resist to environmental stress while being functionally distinct. Simultaneously, generalist 
species displayed higher competitive abilities, were functionally closer to each other while 
having local low abundances. 
 
How networks and modularity help understanding ecological specialization? 
Specialization is classically quantified based on how species occur in varying abiotic 
and habitat conditions (Chytrỳ et al., 2002; Devictor et al., 2010; Julliard et al., 2006; Kassen, 
2002). Here we propose a novel metric of specialization based on (i) how species co-occurring 
more often than by chance form larger-scale assemblages called modules, and (ii) how often 
individual species occur in distinct modules. This approach extends the co-occurrence based 
framework of Fridley et al. (2007), but acknowledges the structuring of distinct pools, as in the 
vegetation partitioning literature (Chytrỳ et al., 2002; Dufrêne & Legendre, 1997). By 
uncovering preferential associations between nodes in a bipartite network, modularity analysis 
allows identifying groups of species and sites that are consistent in terms of both environmental 
conditions and functional traits. It therefore depicts the overall influence of abiotic conditions 
of sites, biogeographical background and functional traits on the ability of species to establish 
and persist in different sites (Bestová et al., 2018; Carstensen et al., 2013; Dormann et al., 2017). 
We defined categories of specialist and generalist species based upon quantiles of the 
participation coefficient C. The specialist category thus represented species almost exclusively 
related to a given module, while the generalist group includes species present in most modules. 
Intermediate values are less ecologically sound, because they represent very diverse situations 
of species occurring in a few modules. The categorization is thus, in essence, relevant to address 
the contrast of specialist and generalist species. 
We identified five basic modules of grassland communities, or habitats, representing 
distinct vegetation types with different environmental contexts and functional trait values (see 
Appendices S1 and S2). The proportion of specialists and generalists broadly varied among 
modules, and was related to the module position along basic environmental gradients 
(Appendix S4). Mountain grasslands are at an extreme environmental position in France in 
terms of temperature and precipitation, which can lead to stronger environmental filtering of 
specialist species, while mesic grasslands found in less stressful conditions can more easily 
share generalists with other habitats. Since the average level of specialization was lower in 
mesic than in mountain grasslands (Appendix S4), mountain generalists, could be more 
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distinctive in their module than were mesic generalists (Appendix S5). Similarly, the modules 
most connected between them were the one having higher proportions of generalist species 
(Appendix S3). The communities of mesic and wet grasslands, in the center of the 
environmental space, were having in proportion more species of other modules than mountain 
and ruderal communities. 
 
The functional signature of ecological specialization 
We found distinct functional signatures of specialist species displaying stress-tolerant 
characteristics and being more different among each other, and generalist species with high 
competitive abilities and less functional differences across modules. Generalist species able to 
occur in the five modules had higher competitive abilities than species not classified as 
generalists or specialists, but were not functionally discernible regarding any other trait. 
Conversely, specialist species showed a combination of trait values typical of less competitive, 
more stress-tolerant plants, acquiring resources at slow rate and being more conservative 
(Wright et al., 2004). These results are consistent with and extend at a larger scale the findings 
of a previous study done in the French Alps (Boulangeat et al., 2012). When comparing 
specialists with species of their respective modules, we found consistent characteristics 
regarding the stress tolerance status of specialist species of the distinct modules, with a few 
exceptions. Different abiotic stresses were associated to modules, e.g. dry calcareous grasslands 
undergo drier conditions but not colder conditions as in mountain meadows. These conditions 
led to lower specific leaf area (SLA) values of the specialists of these modules and also higher 
leaf dry matter content (LDMC) values of mountain species, giving respectively higher 
resistance to drought (Niinemets, 2001) and frost (Körner, 2003). In wet grasslands, the 
environmental stress was based on the tolerance to high water availability. Specialist species 
from this module displayed in response higher LDMC values. Specialist species from more 
competitive mesic grasslands were, on the contrary, less distinguishable from other species 
from their own modules (Appendix S5). This pattern can be due to a lower number of mesic 
specialists combined with great functional variation within this module. At the module scale, 
generalist species from mesic and dry calcareous grasslands did not show higher competitive 
abilities and competition-related traits than the other species of their modules. We did not find 
lower seed mass of generalist species at both network and module levels, and we even found 
higher seed mass for mountain generalists. We expected greater dispersal ability with lower 
seed mass to allow generalization. However, competitive species with higher seed mass can 
still occur in diverse contexts and be widespread (Turnbull, Rees, & Crawley, 1999), while 
dispersal capacities should be better represented by seed attributes or dispersal modes (Tamme 
et al., 2014) than seed mass. In addition, some studies reported higher dispersal distances for 
taller species (Thomson, Moles, Auld, & Kingsford, 2011), and taller generalist taxa could thus 
be also good dispersers in our case. More in-depth assessment of dispersal abilities of generalist 
species will be needed in the future. 
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Apart from trait values conferring greater specialization or generalization, we observed 
that generalist species were more frequent than any other species in French grasslands (Fig. 4 
left panel) and that they were less abundant within communities than other species while 
specialist species had higher local abundances. This pattern advocates for the “master-of-none” 
hypothesis (MacArthur, 1961) and suggests that generalists, as strong competitors, could 
maintain their population in a great variety of contexts at low abundances by outcompeting their 
neighbors for the light resource. In addition, generalist species were also more similar among 
them than were the specialists of different modules (Fig. 3). This suggests that there is a 
common signature of generalization in the different habitats, related to stronger competitive 
abilities for light acquisition, while specialization to specific environmental contexts leads to 
distinct functional signatures across habitats. Specialist species were also functionally closer 
than any other species to the community weighted-mean (CWM) of their communities 
regarding plant height (Appendix S8). In terms of functional traits, the community weighted-
mean (CWM) trait value is classically assumed to represent local ecological optimum related 
to environmental constraints (Garnier et al., 2016; Shipley, 2010) and the functional distance to 
it is therefore a quantification of functional differentiation. The fact that specialists have lower 
stature than other species (Fig. 2) with small deviation from the other species regarding this 
trait implies that these species occur in less competitive communities. Specialist species were 
also co-occurring with a fewer number of generalist species than specialists (Appendix S10). 
Specialist species are therefore maintaining their population by coping with the major stress of 
their habitats and by avoiding competitive situations. 
We selected in our study traits related to competition for light resource, abiotic or biotic 
stress tolerance and to seed dispersal. Although these core traits synthesize major functional 
strategies in plants (Díaz et al., 2016), other traits are involved in competition, including lateral 
spread (Grime, 1977), or in stress-tolerance, like hydraulic conductivity or stomatal closure 
(Bartlett, Klein, Jansen, Choat, & Sack, 2016), traits relating to ionic and water relations (Tattini 
et al., 2006) or sprouting capacity (Pausas, Bradstock, Keith, & Keeley, 2004), as well as root 
traits for carbon acquisition (Iversen et al., 2017). Moreover, we can expect that other traits 
favor generalization such as clonal reproduction (Klimešová, Martínková, & Herben, 2018). 
We also considered ecological specialization mean trait values at species level. Although 
interspecific trait variation can mostly explain broad-scale patterns of species distributions and 
functional diversity among species, intraspecific trait variation can play a key role in ecological 
specialization (Violle et al., 2012), notably at local scales. Greater intraspecific variation could 
allow greater generalization of species by conferring ability to establish, persist and reproduce 
in more diverse contexts (Bolnick et al., 2002; Darwin, 1859; Roughgarden, 1972). In 
grasslands, we therefore could find generalist species constituted by individuals specialized to 
different modules. In an extreme case, several groups of individuals having distinct ecological 
dynamics within the same taxon could be separated in several ecotypes, refining the functional 
signature of specialization. Phenotypic plasticity can contribute to improve species persistence 
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in diverse contexts (Richards, Bossdorf, Muth, Gurevitch, & Pigliucci, 2006) and blur the 
functional signature of specialization and generalization assessed at species level. Specifically, 
a taxon could show no significant deviation on average from the CWM of its communities, 
while the ecotypes could be distinct. Therefore, including other functional dimensions or 
acknowledging individual specialization and the existence of distinct ecotypes within species, 
or plasticity may lead to different patterns of species coexistence and to a better understanding 
of the implications of specialization. 
Although we found functional differences conferring specialization and generalization 
in different environmental conditions across modules, stochastic processes could also determine 
local and regional abundances irrespective from functional differences. Demographic 
stochasticity can strongly affect species abundances and occurrences depending on habitat 
frequency and dispersal limitation. If neutral (Hubbell, 2001) and source-sinks (Leibold et al., 
2004) dynamics prevail, greater generalization and local abundance can in fact reflect greater 
habitat frequency and mass effects. Stochastic, trait-independent, and deterministic, trait-
dependent dynamics should thus be jointly acknowledged to better understand variations in 
local and regional abundances underlying a specialization to generalization spectrum (Munoz 
et al., 2018). At a larger temporal scale, the long-term evolutionary specialization of a species 
to a particular habitat associated to the habitat availability through time can entail different 
patterns of commonness. The legacy of these long-term population dynamics can blur the 
proper detection of ecological generalization/specialization (Gaston, 2011).  
 
Conclusion 
The structure of a bipartite network of species occurrences in sites can shed new light 
on the nature and emergence of ecological specialization. Through the definition of modules, 
as functional or biogeographical sets of sites and species, we found contrasted functional 
signatures of specialization and generalization. While specialization was related to stress-
tolerance abilities, generalist species able to thrive in a broader variety of contexts displayed 
higher competitive ability. Interestingly, generalists were functionally closer to each other 
irrespective of their preferential habitat, while specialist species differed across modules. Links 
with local dynamics also revealed a cost of generalization and different proximity with the local 
functional optimums. These conclusions translate classical macro-ecological hypotheses to 
functional biogeography and advocate for a better linkage between the two fields. 
 
Data accessibility 
The list of specialist and generalist species and their module is available in the 
supplementary files (see Appendix S11). Functional information can be access via a request to 
the TRY database.  
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Appendix S1. Environmental variations among modules. 
The panels show the mean annual temperature, rainfall in modules’ sites and pH and edaphic humidity 
derived from Ellenberg coefficients of species. The number of communities per module is given above 
boxplots. Global tests were all significant and post-hoc tests, represented by the letters, were performed 
using Fisher’s least significant difference to differentiate between groups. These differences are 
indicated by the letters above boxplots. 
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Appendix S2. Functional variations among modules. 
The panels show the distribution of trait values per module. Traits considered are SLA, plant height, 
seed mass log-transformed, leaf area log-transformed, LDMC and LNC. The number of communities 
per module is given above boxplots. Global tests were all significant and post-hoc tests, represented by 
the letters, were performed using Fisher’s least significant difference to differentiate between groups. 
These differences are indicated by the letters above boxplots. 
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Appendix S3. Beta-diversity of sites across the four grasslands modules. 
We computed a Sorensen index for each pair of modules according the following formula: ?"@3@"A53 = BCD E : 
With i and j two distinct modules, a the number of species commonly occurring in their sites, b the 
number of species occurring in module i and c the number of species occurring in module j. This index 
ranks between 0, when no species are shared between two modules, and 1, when the species list are 
identical. The heat map presents Sorensen scores obtained for each pair of module, the lower being the 
score, the lighter the associated case and the less species shared by the focal pair of modules. Sørensen 
score is as well indicated in each case. 
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Appendix S4. Participation coefficient C, defining our metric of specialization, per module. 
The distribution of C coefficient is shown for each module. Above each boxplot figure the number of 
species per module and the group resulting from a rank-sum Kruskal-Wallis test. 
 
 
Number and percentage of generalist and specialist species per module. 
 
Dry 
calcareous 
Mountain Mesic Wet Ruderal/trampled 
Generalist 
species 
64 
(14.3%) 
34 (7%) 
65 
(21.2%) 
52 
(19.1%) 
62 (8.8%) 
Specialist 
species 
36 
(8.1%) 
119 
(24.4%) 
5 
(1.6%) 
23 
(8.5%) 
94 (13.4%) 
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Appendix S5. Functional differences between the groups of species within each module 
Each panel corresponds to a functional trait and within each panel, each column corresponds to a 
different module. Blue boxplots correspond to the generalist species, yellow ones to the specialist 
species and the grey ones to the other species. Letters above boxplots correspond to the post-hoc 
Kruskal-Wallis comparison of the three categories within each module. 
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Appendix S6. Pair correlation between the six functional traits used. 
Each row and column designs one functional trait used in our study in this order: SLA, plant height, 
seed mass, leaf area, LDMC and LNC. The diagonal represents the distribution of the value of the focal 
trait. The lower left part of the graph shows the scatterplot between a pair of functional trait while the 
upper right part of the figure indicates the associated Pearson correlation coefficient. 
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Appendix S7. Position of generalist and specialist species on a multidimensional trait space. 
Panel a) shows the point on a principal component analysis (PCA) realized from six traits: SLA, plant 
height, seed mass, leaf area, LDMC and LNC. Colors and shapes of the points represent the category 
assigned to each species: blue squares for generalist species, yellow triangles for specialist species and 
grey dots for the other species. Ellipses represent 75% of the point distribution of each group. The 
centroids of each group are displayed as well as the variables constructing the PCA. Marginal densities 
border the dot cloud and the letters above them correspond to the results of a sum-rank Kruskal-Wallis 
test. The percentage of variance explained by each axis is indicated in the axis titles. 
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Appendix S8. Average functional absolute distance of generalist and specialist species from community 
mean value 
Each panel corresponds to a trait. For each grassland species, a Community Weighted Mean (CWM) 
value of the focal trait is calculated across communities where the species is present, and which contain 
more than 5 species. The focal species is removed for these calculations. The deviation of the focal 
species trait value to each of these CWMs is then averaged (y-axis). Yellow dots correspond to specialist 
species, grey dots to other species and blue dots to the generalist species. The letter on the right of each 
category indicates whether the groups are statistically different according a rank-sum Kruskal-Wallis 
test. Vertical grey line within each panel corresponds to the overall mean of the focal functional distance. 
The bigger colored dot corresponds to the mean of each group and its deviation towards the overall mean 
is figured by a colored segment. 
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Appendix S9. Densities of sites from the four grasslands modules over France. 
Each map deals with one of the grasslands module. Each hexbin is colored in function of the number of 
sites from the focal module it contains. The number of sites and species comprised by each module is 
indicated above each map. 
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Appendix S10. Co-occurrences of specialist and generalist species in grassland communities 
Within each community where at least one generalist or specialist species was present, we counted the 
number of generalist and specialist species occurring with them. The first panel deals with the generalist 
species while the second one refers to the specialist species. Above each boxplot figure the the group 
resulting from a rank-sum Kruskal-Wallis test. 
 
 
Appendix S11. List of generalist and specialist species and their assigned module. 
This appendix does not figure in the thesis but can be accessed upon request. 
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1. Inférence Bayésienne des paramètres d’assemblage 
Plusieurs mécanismes d’assemblage des communautés peuvent conduire à des motifs 
de diversité fonctionnelle locale différents de ceux attendus sous la seule influence d’un filtre 
environnemental Gaussien tel que présenté dans les chapitres précédents. Ainsi, des 
phénomènes de dispersion limitée peuvent empêcher les espèces les mieux adaptées de s’établir 
dans certaines communautés. De même, l’existence d’effets de masse et de dynamiques source-
puits peut favoriser le maintien d’espèces fonctionnellement éloignées de l’optimalité locale. 
La théorie neutre est associée à un modèle parcimonieux en hypothèse qui permet d’évaluer 
l’influence des abondances régionales des espèces et de la dispersion limitée dans l’assemblage 
des communautés. Un modèle conditionnant l’arrivée d’espèces dans des communautés en 
provenance d’un ensemble régional aux influences relatives de la neutralité et également de 
processus de niches a été construit au cours de la thèse et a fait l’objet d’une publication dans 
Methods in Ecology and Evolution et de la création d’un paquet R associé. L’article est présenté 
en annexe de ce chapitre. Ce modèle peut être couplé à des méthodes d’inférence Bayésiennes 
afin d’estimer les parts relatives du déterminisme, formalisé par le filtre environnemental 
Gaussien, et de la stochasticité dans l’assemblage des communautés. Cette méthode d’inférence 
Bayésienne associé au modèle d’assemblage des communautés fait l’objet d’un article visant à 
illustrer l’intérêt de la méthode en écologie des communautés. Cet article est en cours de 
préparation et est à destination de Methods in Ecology and Evolution. 
 
2. Neutralité et déterminisme au cours d’un gradient de succession 
La méthode d’inférence que cet article détaille a également été appliquée pour évaluer 
les influences de la neutralité le long d’un gradient de succession écologique. Ce type de 
gradient, qui s’initie avec une perturbation initiale modifiant totalement les conditions 
abiotiques de la communauté, constitue en effet un cas d’étude parfaitement adapté. Une 
hypothèse majeure est associée aux successions écologiques mais n’a jamais été vérifiée de 
manière mécaniste. Cette hypothèse stipule que les dynamiques neutres aient une influence plus 
forte en début de succession tandis que les processus déterministes dominent l’autre extrémité 
de ce gradient. Nous vérifions la validité de cette hypothèse le long d’un gradient de succession 
écologique sur des communautés herbacées d’affleurements méditerranéens. Cette étude a 
abouti à la rédaction d’un article qui sera soumis prochainement à Oikos. 
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3. Mécanismes de coexistence et optimalité 
Différents mécanismes de coexistence peuvent également entraîner l’émergence de 
motifs de diversité fonctionnelle locale différents de ceux attendus sous la seule influence du 
filtre environnemental. Les interactions compétitives entre espèces, telles que la limite à la 
similarité et la compétition hiérarchique, peuvent notamment créer des distributions 
d’abondances non normales. Nous avons donc développé un modèle de dynamiques de 
populations conditionnant les taux de croissance des espèces à l’adéquation fonctionnelle avec 
un filtre environnemental et aux capacités de compétition hiérarchique et de limite à la 
similarité. Le rôle explicite des traits fonctionnels dans ces mécanismes est également modélisé 
et permet d’observer des relations CWM ~ Environnement dans différents scénarios. Un article 
a été associé à l’élaboration et aux résultats de ce modèle et fera l’objet d’une soumission dans 
Journal of Ecology. 
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Abstract 
 
There is growing recognition that patterns of community composition depend on how 
species are adapted to the local environment (niche-based processes), as well as on niche-
independent stochastic dynamics. However, there is no consensus on how to test and infer these 
components’ respective contributions. Here we propose a conceptual framework and practical 
guidelines to address the issue and identify the contributions of entangled processes. 
Process-based models allow exploring the outcome of intertwined mechanisms over a 
broad range of situations, but retrieving, from the observed outcomes, their parameter values is 
a major challenge. Approximate Bayesian Computation (ABC) offers a promising way to deal 
with this inference problem and assess the contributions of different assembly processes. 
Leaning on intensive simulation ABC, we discuss how to construct relevant community 
assembly models, to validate and compare them, and how to estimate their parameters. We also 
propose tools in R language for diagnosis of the reliability and predictive ability of the 
framework.  
We reanalyzed data on meadow plant communities along an elevational gradient in 
Colorado. By simulating communities over a wide range of neutral and niche-based assembly, 
we provide new insights on how environmental filtering and immigration dynamics vary across 
changing environments. We discuss the options and alternative choices at each step of the 
methodological framework, while underlining the need to acknowledge the influence of these 
choices on the conclusions that can be drawn. 
Not only does this framework allow designing appropriate methodological strategies 
and statistical tools, but it also proposes a conceptual synthesis for addressing the entangled 
influence of neutral and niche-based processes on biodiversity patterns. This approach can be 
applied with any simulation-based model of community assembly and allows to test a wide 
range of hypotheses concerning the nature and the strength of assembly mechanisms.  
 
Introduction 
An essential goal of community ecology is to characterize the signature in biodiversity 
patterns of ecological processes governing the assembly of interacting species (Weiher & 
Keddy, 2001). Species presence and relative abundance in assemblages depend on abiotic and 
biotic factors affecting their establishment, survival and reproduction, but also on contingent 
events and stochastic fluctuations (Petrovskii, 2012). If species are ecologically equivalent and 
only stochastic dynamics play, community assembly mainly results from the balance between 
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dispersal and demography and yield neutral distributions of local and regional relative 
abundances (Hubbell, 2001). Conversely, niche theory emphasizes that species’ biological 
attributes in relation to the local biotic and abiotic environment primarily drive community 
composition (Keddy, 1992). The concept of environmental filtering specifically represents how 
local environmental conditions act as a filter that only allows species with particular set of traits 
to establish and develop (Bazzaz, 1991; Woodward & Diament, 1991, Kraft et al. 2015). 
Community composition should then reflect the way fitness differences arising from variations 
in functional traits affect abundance dynamics and biodiversity patterns (McGill et al. 2006, 
Violle et al. 2007), environmental filtering thereby generating a determined relationship 
between traits and local abundances. 
Despite an emerging consensus that the presence and abundance of species in assemblages 
jointly depend on species adaptations and competitive abilities in a local environment, on their 
dispersal abilities and on demographic stochasticity (Gravel et al. 2006; Leibold & McPeek, 
2006; Adler et al. 2007; Shipley et al. 2012), testing and inferring these components’ relative 
contributions has yet to be commonly agreed upon. A major issue is that correlative or 
regressive models can fail to disambiguate the complex and confounding effects of entangled 
processes on biodiversity patterns (Chave et al. 2002). In addition, the influence of deterministic 
and stochastic dynamics on relative abundances is far from linear and prevents using simple 
and close likelihood formula of community composition (e.g., Noble et al. 2011). While null 
models, randomizing community composition or functional attributes, are commonly used to 
test the imprint of niche-based processes (e.g., Bernard-Verdier et al. 2012), these methods fail 
to acknowledge the influence of stochastic demographic variations (Vellend et al., 2014). From 
here, we propose a global conceptual framework to estimate the relative influence of such 
ecological processes on biodiversity patterns resting on a process-based community assembly 
model replicating niche-based processes and neutral drift dynamics. 
Ecological and statistical modeling has, especially over the last decade, become a powerful 
research tool to understand and/or predict the outcomes of ecological systems’ dynamics 
(Petrovskii, 2012). Because of the difficulty in capturing the inherent complexity of natural 
systems dynamics across temporal and spatial scales, simulation-based modeling has gained 
momentum pushed forward by increased computational power along with the ability to run 
simulations on multiple clusters of computers. In particular, process-based models can allow 
explicitly representing and analysing the outcome of combined elementary mechanisms (Zurell 
et al. 2010). The possibility to simulate patterns of community composition over broad ranges 
of parameter values has fostered new statistical approaches for estimation and hypothesis 
Neutralité, mécanismes de coexistence et déviation de l’optimalité 
123 
testing. The issue is then to retrieve parameter values of the mechanisms from an observed 
outcome - the inference problem (or "inverse problem", Tarantola 2006).  
Approximate Bayesian Computation – or likelihood-free inference - offers a promising 
way forward to relate observed diversity patterns to complex ecological models through 
simulations. Customarily, ABC schemes repeatedly compare large numbers of datasets 
simulated under a hypothesized model (by sampling parameter values from a prior probability 
distribution) to the observed data, by means of summary statistics supposed to represent in its 
simplest form the maximum amount of information (Csilléry et al., 2010; Sunnåker et al., 2013). 
Sampled parameter values are then accepted or rejected based on the distance between the 
simulated and observed summary statistics, thus producing a distribution of most likely 
parameter values related to observed data under the hypothesized model. Hence, ABC methods 
by bypassing the likelihood function – which is either impossible or too costly to evaluate – 
make it possible to consider statistical inference for models based on complex algorithms 
mimicking elementary mechanisms. Although ABC analysis is now widely used in population 
genetics and phylogeography, it is still little used to address biodiversity dynamics in ecology 
relatively to the potential it can yield (Csilléry et al., 2010; Beaumont, 2010).  
Building on the simulations generated by a model of community assembly we propose a 
global conceptual scheme and practical guidelines resting on Approximate Bayesian 
Computation to assess the contribution of assembly processes by inferring crucial related 
parameters. While, the logic presented here has a general value and holds true for any process-
based model of community assembly producing simulations - we specifically address the issue 
of inferring the joint influence of stochastic and deterministic processes. To this end we 
simulate and analyze the output of community assembly along broad ranges of neutral and 
niche-based parameter values (Jabot et al. 2008; Munoz, 2018). We principally address how to 
design simulations while capturing the signature of specific assembly mechanisms, how to 
compare alternative models based on these simulations, and how to faithfully estimate 
parameter values. We also propose a set of simulation-based tools to understand model 
shortcomings, in order to apprehend and/or improve community assembly models. 
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Methods  
 
Figure 1. Schematic representation of the main steps and associated questions making use of 
Approximate Bayesian Computation to infer drivers of community assembly from simulated ecological 
processes.  
 
Figure 1 outlines the main steps and associated questions to infer drivers of community 
assembly using ABC. Essentially, any conclusions drawn from this framework will depend on 
the investigated model(s) of community assembly. For this reason, modulating the variables on 
which the simulated processes depend on, provides ecologists with the freedom to explore 
alternative assembly mechanisms while bearing in mind that these are likely to depend on the 
scale of observation (i.e delimitation of the species pool), the investigated traits and their 
associated environmental filter, the chosen summary statistics as well as the prior distribution 
choice - which we discuss in the following section. From the simulated outcomes, users may 
wish to (i) make sure that the proposed simulations carry sufficient signature of underlying 
assembly processes to distinguish between models, (ii) select a model of community assembly 
best supported by the observed summary statistics, (iii) verify the quality of parameter 
estimation, (iv) infer the plausible parameter values of assembly mechanisms shaping the 
observed communities and relate the underlying processes to environmental variation. Users 
Neutralité, mécanismes de coexistence et déviation de l’optimalité 
125 
wishing to investigate their model shortcomings will find tools in R language to do so as part 
of the ecolottery package.  
 
1. Designing a community assembly model and predicting summary statistics 
Coalescent-based modeling of neutral & niche-based processes 
Central to ABC methods is the generation, under a given model, of simulations to which to 
compare empirical data. An essential aspect of our method for jointly investigating niche-based 
and neutral processes in community assembly rests on the approach described in Munoz et al. 
(2018), whereby coalescent-based simulations rebuild the genealogy in local communities of 
individuals descending from immigrant ancestors drawn from an external pool. Establishment 
of immigrants and survival of their descendants in the community is both determined by neutral 
drift dynamics and by the correspondence of trait values to a given habitat filtering function. 
Neutral drift is estimated by a dispersal limitation parameter m comprised between 0 and 1 or 
directly by the number of immigrants colonizing local communities from the species pool. 
Niche-based processes are quantified by the optimal trait value leading to a maximal local 
performance and to the decrease of performance around this or these optimal values. Thus, by 
simulating communities over a wide range of migration and environmental filter parameter 
values and repeatedly comparing their outcomes to the observed data, ABC yields the plausible 
distributions of parameters reflecting both niche-based and neutral processes in community 
dynamics.  
 
Which species pool to choose? 
Many assembly models rely on external species pool meant to reflect regional abundances of 
individuals according to their species or functional traits. In our case, the species pool, from 
which immigrant ancestors originate, can be used to address different ecological hypotheses 
according the spatial scale at which it is defined (Munoz et al. 2018). For instance, inferring 
environmental filtering parameter(s) and migration rate from a large spatial scale pool will 
emphasize the influence of species fundamental niches and of their limited dispersal abilities 
depending on the structure of the biogeographic context (Karger et al. 2016). Conversely, 
inferring the same parameters from a species pool restricted to the composition of adjacent 
communities will emphasize the role of finer-scale biotic interactions and disturbance in 
shaping community assembly (Perronne, 2017) or may lessen the importance of environmental 
filtering if it has already been taken into account in the definition of the species pool.  
How to define trait-based environmental filtering? 
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With environmental filtering, the probability that an individual immigrates from a reference 
species pool and persists in the community depends on how its ecological properties or trait 
values allow greater performance in the local environment. Inherently, functional traits should 
determine the ability of species to establish, survive and reproduce in an environment (Violle, 
2007), abiotic factors acting as a filter allowing species with an appropriate combination of trait 
values to colonize and persist in a given area (Bazzaz 1991; Woodward & Diament, 1991). In 
this regard, the local functional composition should convey the signature of trait-based filtering 
during community assembly (McGill et al. 2006). The relationship between trait values and 
local performance can be set via a user-defined function. Classical alternative options are a 
Gaussian curve around an optimal trait value (here called stabilizing filtering), some directional 
variation within the trait range (directional filtering), or bimodal curve (disruptive filtering) 
(Rolhauser and Puchetta 2017, Munoz et al. 2018, Loranger et al. 2018). For instance, 
stabilizing habitat filtering can be driven by a physiological optimum related to abiotic factors, 
or to greater competitive ability (Mayfield and Levine 2010), while causes of disruptive filtering 
include habitat heterogeneity or competition (Rolhauser, 2017). Varying combinations of 
multiple environmental filters, interfering in an additive or multiplicative manner, can also be 
defined to take into account the multidimensionality of niche-based processes. 
 
Which summary statistics? 
Inferring parameter values of stochastic and trait-based assembly processes with ABC 
analysis requires defining relevant summary statistics that can capture the signature of 
underlying processes (Perronne, 2017). The community-weighted mean of the trait distribution 
can deviate from a reference pool due to local filtering (Loranger et al. 2018), and vary across 
communities reflecting how local optima change with abiotic conditions (Garnier et al. 2004). 
Furthermore, additional trait distribution moments have been shown to carry signatures of 
different types of environmental filtering, albeit the two first moments (CWM and CWV) being 
sufficient to characterize trait-abundance relationships under different environmental filtering 
scenarios (Loranger, 2018). Conversely, neutral drift dynamics are known to influence patterns 
of taxonomic diversity (e.g., richness and Simpson’s diversity, Ewens 1972, Hubbell 2001, 
Etienne et al. 2005), regardless of functional trait values, so that summary statistics based on 
taxonomic composition should help deciphering the contribution of stochastic neutral dynamics 
(Munoz et al. 2008, 2012). β-diversity between communities of a common metacommunity is 
also informative to assess the role of neutrality (Munoz et al. 2008) and can be used as a 
supplementary taxonomical summary statistics. 
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Which prior distributions of parameter values? 
Many communities can be simulated over a range of parameter values controlling stochastic 
and trait-based dynamics. The user needs to define the distributions of parameter values over 
which to simulate communities. Uniform or log-uniform priors are often used in ABC analysis, 
but other options can be considered depending on some a priori knowledge on parameter values 
(Ref textbook on the issue). Regarding uniform distributions, some prior knowledge can be also 
needed to define the bounds of the distributions. In the case of an environmental filtering around 
some optimal trait value, the prior of the optimal value can be defined based on extreme trait 
values in the global pool of available species (Denelle et al. 2019). Likewise, the prior limits of 
the parameter relating to the variation around the optimum should be chosen to avoid cases 
where the filter either selects all trait values evenly as would pure neutral dynamics (Munoz, 
2018) or too few trait values so that a relevant set of species is selected for community assembly. 
Meanwhile constraints can be supplied by the user to limit the shape of environmental filtering 
to ecologically relevant scenarios in the case where certain combinations of parameters might 
yield unwanted situations. For instance, the distance between two modes of a disruptive 
environmental filtering can be comprised between a certain range to avoid falling into cases 
resembling to stabilizing filtering.  
 
2. Assessing the validity of inference  
The outcome of any ABC analysis will depend upon the choices and tradeoffs made by 
users, in particular, the choice of competing models, the number of simulations, the choice of 
summary statistics, or the acceptance threshold (Sunnaker, 2013), the effect of which should 
consistently and individually be evaluated and tested (Bertorelle, 2010). 
Model selection with ABC is only relevant if it is able, given the existing simulations, to 
distinguish between the proposed models. Consequently, users should perform a 
misclassification analysis prior to any model selection, and decide based on the resulting 
confusion matrix whether the variation of summary statistics across simulations allows 
distinguishing between the proposed assembly models. If this is not the case users may either 
reconsider their models so that they produce more contrasted simulations (by constraining 
parameter values, for instance), or adjust the specifications of the ABC scheme (choice of 
summary statistics, tolerance value, number of simulations etc.). Once it has been found that 
the simulated data allows discriminating between models, model selection can be implemented 
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by computing posterior model probabilities as the proportion of accepted simulations given 
each model (Csilléry, 2012).  
Likewise, the robustness of parameter inference given any model should be evaluated 
before proceeding to parameter estimation. This can be assessed in a controlled setting by 
generating a large number of artificial datasets from the simulated parameters values and by 
gauging how well a given ABC method recovers the true parameter values, following a “leave-
one-out” procedure (Sunnaker, 2013). Tools in R language for implementing model 
misclassification and selection as well as parameter cross-validation are implemented in the 
“abc” package (Csilléry, 2012).  
 
3. Inferring assembly processes from observed data using ABC 
What is the more relevant model of community assembly? 
In the case where multiple community assembly models have been designed and yielded 
different sets of simulations, for instance when comparing various types - or absence of - 
environmental filtering, model selection can be used to identify a single best model, thus 
identifying the hypothesis that is best supported by observations (Johnson, 2004). Model 
selection is implemented using the “postpr” function (abc package, Csilléry, 2012) by 
displaying the approximate posterior model probabilities, computing their ratios and the 
approximate Bayes factor, for all possible pairs of models (see François & Laval, 2011 for 
further details).  
Once a best model has been selected, parameter inference discloses the shape and strength 
of the filter, as well as the relative importance of limited dispersal. Parameter estimation is 
undertaken by setting aside those parameter values which have yielded simulations deemed 
satisfactorily close to the observations thus yielding the subset of most likely parameters under 
the hypothesized model (Csilléry et al., 2010; Sunnåker et al., 2013). 
 
How to assess the influence of environmental variation? 
Model selection can be used to distinguish different hypotheses regarding assembly 
mechanisms - for instance to examine the absence or shape of an environmental filter driving 
communities in contrasted environments. Together with the nature of the filter - it is possible 
to relate parameters of trait-based filtering or neutral drift dynamics to environmental factors. 
While the ecolottery package makes it possible to directly infer the relation between the filtering 
shape and environmental variables by integrating constraints to the filtering function, in this 
framework we propose that estimated parameter values be related to environmental variation 
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through post-hoc analysis. Possible applications include comparing optimal trait values across 
communities along an environmental gradient to characterize trait-environment relationships or 
relating the variation in migration rate to habitat configuration reflecting the influence of 
dispersal limitation and greater extinction risk in small fragments.  
 
4. Predictive checks 
We propose a set of diagnosis tools that use posterior estimates of the parameters to simulate 
community composition according to the fitted model. The first uses an user-defined estimator 
of the posterior parameter distributions, such as posterior mean or median value, to simulate 
communities and characterizes the fit of the model by the overlap between the observed and 
simulated trait distributions. If undertaken multiple times, the confidence interval of the overlap 
can then be computed. Another implemented tool can return the rank-abundance curve of the 
observed community while distinguishing between species whose relative abundance is either 
over or under-estimated by the model based on the comparison of the observed relative 
abundance to that of a set of n simulated communities. This will reveal whether the model of 
interest is efficient at representing rare or common species and in which way it fails to do so. 
We also propose a tool returning for a given set of simulations the probability that an 
observed statistic falls into the range of the accepted distribution of summary statistics. To this 
end the probability that an observed statistic is greater than the simulated statistics based on the 
posterior distribution is computed for each summary statistic. This can be used to assess the 
extent to which a model’s simulations came close to the actual community composition. This 
tool is meant to inform users which summary statistics the model has come the closest to and 
may be used a diagnosis element as to which type of diversity pattern the ABC analysis was 
sensitive to.  
 
Application to communities along an altitudinal gradient  
1. Case study 
We illustrate here the main steps of ABC-based inference of neutral dynamics and trait-
based environmental filtering using a dataset of individual vascular plants and their associated 
Specific Leaf Area (SLA) measurements in 5 communities along a subalpine elevational 
gradient in the Colorado Rockies (Bryant et al. 2008; Sides et al. 2014). SLA being central to 
plant growth, leaf span and photosynthetic capacity reflecting plant strategies in resource 
allocation (Wright, 2004), we expected that it should respond to environmental filtering entailed 
by differences in growing season length (Sides et al., 2014). Essentially, trait values of species 
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experiencing shorter growing seasons at high elevations should maximise photosynthetic 
capacity during the suitable period while reducing construction costs - resulting in a larger SLA. 
Moreover, individual SLA values are considered since filtering processes should impact the 
successful establishment of individuals (Violle et al., 2012)  
 
2. Selecting a model for community assembly 
Using a coalescent-based algorithm (Munoz et al. 2018), we simulated 10000 communities 
under two alternative models of community assembly from a reference species pool. For a given 
community, the species pool was comprised of all individuals from the community, 75% of 
individuals sampled from directly adjoining communities, 50% of those from next to nearest 
communities, then 25% and finally none from communities separated by more than 3 sites along 
the elevational gradient. This accounted for constraints the species potentially dispersing to 
specific communities may experience with growing ecological and geographical distance 
(Karger et al., 2016). Alternative models differed in the definition of environmental filtering 
while they were equivalent in terms of neutral dynamics, with a migration parameter m 
uniformly varying between its defined boundaries 0 and 1. In the first model, stabilizing 
environmental filtering was defined as a Gaussian distribution centered on an optimal trait value 
(topt) simulated within the observed range of trait values of all individuals across all sites, with 
a standard deviation (σ) ranging between 1 and the difference in the observed range of all trait 
values. In the second model, the absence of any filtering function was used to define a neutral 
model in which all immigrant ancestors establish in the community with equal probabilities - 
regardless of individual trait values - community assembly resulting only in the balance 
between demography and migration (m). 
Simulated communities were compared to observed data, with a tolerance threshold of 5%, 
on the basis of 8 summary statistics meant to capture both functional and taxonomic patterns of 
diversity - the 4 first moments of the trait distribution (Enquist et al. 2015) as well as the 4 first 
Hill numbers of taxonomic composition (Chao et al, 2014). Based on the assumption that 
stochastic processes should primarily influence species abundances and taxonomic diversity 
(Hubbell 2001, Munoz et al. 2007), while niche-based processes should be better detected with 
functional diversity metrics (McGill et al. 2006), we expected statistics related to both aspects 
to be key in uncovering both neutral and non-neutral dynamics in community assembly. 
Model misclassification using a simple rejection method, with a tolerance rate of 5%, was 
able to efficiently discriminate between the two models across all communities. These results 
not only show that it is possible to distinguish the imprint of neutral dynamics and 
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environmental filtering on taxonomic and functional diversity with ABC analysis, but also 
support model selection which revealed that all considered communities were undergoing 
stabilizing environmental filtering . All this considered, the solely neutral scenario is discarded 
and parameter estimation undertaken only for the community assembly model including 
stabilizing environmental filtering.  
 
Table 1. Results of model selection between two alternative community assembly models - neutral or 
with stabilizing environmental filtering using a rejection method with a 5% tolerance rate. Results are 
given as the proportion of accepted simulations under each model for communities along an elevational 
gradient.  
 Proportion of accepted simulations 
Community (by altitude) Neutral Stabilizing filtering 
2460 0.38 0.62 
2710 0.02 0.98 
2815 0 1 
3155 0.04 0.96 
3375 0.14 0.86 
 
3. Estimating neutral or niche-based processes along an altitudinal gradient 
Cross validation was performed to evaluate the accuracy of parameter estimation, and 
showed that all parameters were reasonably well estimated for all considered communities. The 
significance of the influence of elevation on the distributions of accepted parameter values 
related to environmental filtering (topt, σ) and neutral dynamics (m) under the selected model 
was tested using an ANOVA associated with a post-hoc Tukey test for multiple pairwise 
comparisons. Overall, the post-hoc analysis uncovered significant differences in mean 
parameter values across altitudes for all parameters and notably a significant shift toward larger 
topt and σ values along with a significant decrease of the migration parameter m above 3000m 
(figure 2). These estimations allow us to characterize the shape of the underlying stabilizing 
environmental filter (figure 3) which abruptly shifts toward a larger optimal trait value and 
becomes more relaxed above a certain elevation threshold. This suggest that while lower 
elevation species are more constrained to a conservative strategy, species at higher elevations, 
experiencing shorter growing periods, tend to be more exploitative. 
Meanwhile, parameter m represents the influence on community composition of the 
successful dispersal and establishment of immigrant ancestors as well as the survival of their 
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descendants (Munoz, 2018). Smaller estimated values of m in higher elevation communities 
can suggest a greater influence of either limited dispersal or drift dynamics in small sized 
communities.  
 
Figure 2. Stabilizing environmental filtering posterior parameter distributions (Gaussian with mean topt, 
standard deviation σ and migration m) for communities along an elevational gradient, using a simple 
rejection method with a tolerance of 5%, based on the four first moments of the local trait composition 
and four first Hill numbers.   
 
 
Figure 3. Environmental filtering shape along an elevational gradient, estimated using the median of 
the posterior parameter distributions. 
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4. Evaluating model shortcomings with predictive checks 
We then performed predictive checks to evaluate the ability of the model to reproduce 
observed patterns of diversity. Firstly, by using the median as an estimator of the posterior 
parameter distributions, 100 communities were simulated and the overlap of their trait 
distribution with that of the observed evaluated. Table 2 presents the results as a confidence 
interval.  
 
Table 2. 95% Confidence interval of the overlap of 100 simulated communities’ trait distributions with 
that of the observed communities. Communities were simulated using the median as an estimator of the 
true parameter values retrieved from the posterior distributions.  
Community (altitude) Trait overlap confidence interval  
2460 0.625 - 0.645 
2710 0.663 - 0.671 
2815 0.640 - 0.646 
3155 0.848 - 0.865 
3375 0.732 - 0.754 
These results revealed that trait distributions were best predicted in higher elevation 
communities (table 2). In addition, accepted statistics relating to functional diversity (table 3) 
were closest to the observed in these two particular communities, whereas they tended to be 
consistently smaller than the observed in lower altitude communities (larger p-value). 
Therefore, the trait-based model could detect greater constraint on SLA values due to 
environmental filtering at higher elevations. Larger SLA could be filtered in response to shorter 
growing periods. Conversely, other processes not taken into account by our model could be 
more prominent in the assembly of lower elevation communities, and impede the predictive 
checks considering environmental filtering on SLA alone.  
 
Table 3. Probabilities that the observed statistics be greater than the accepted simulated summary 
statistics (M1-M4: first four moments of the local trait distributions and H1-H4: first four Hill numbers) 
for each community along the elevational gradient. Smaller probabilities indicate that simulations 
accepted for the ABC analysis were mostly greater than the actual observations and vice versa.  
 Communities (altitude) 
Summary statistics 2460 2710 2815 3155 3375 
M1 0.9122 0.8443 0.9541 0.4970 0.4291 
M2 0.8623  0.9022 0.9401 0.4910 0.4431 
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M3 0.8004 0.9002 0.9062 0.5010  0.4830 
M4 0.7745 0.8942 0.8962  0.5369 0.5729 
H1 0.0020 0.0060 0.0000 0.0000 0.0000 
H2 0.0100 0.0180 0.0240 0.0040  0.0040 
H3  0.0419 0.0719 0.0998 0.0140 0.0040 
H4 0.0699 0.1058 0.1218 0.0140 0.0040 
Likewise, rank abundance curves of 100 simulated communities were compared to the 
observed and revealed that the model mostly failed to reproduce species richness (figure 4). 
This concurs with the fact that the richness of simulations used for the ABC analysis were 
consistently larger than the observed (smaller p-value). Overall accepted statistics relating to 
taxonomic diversity failed to match the observed (table 3). Hence, parameter estimation being 
mostly based on information carried by trait distributions alone, presumably the resulting model 
may fail to reproduce diversity patterns related to species abundance. 
 
Figure 4. Comparison of observed species-rank curves (blue) with that of 100 communities simulated 
under the model of community assembly with stabilizing environmental filtering using the median of 
the posterior distributions as an estimator (red).  
 
 
Discussion 
A process-based approach to analyze community assembly 
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Permutation-based null models are routinely used to assess the contribution of non-neutral 
processes in such a way that if observed statistics of diversity deviate from those obtained when 
randomizing species functional traits, these traits are assumed to be under environmental 
filtering (Bernard-Verdier et al. 2012). However, such approaches do not explicitly address the 
nature and the shape of filters constraining functional composition, nor does it acknowledge the 
influence of stochastic neutral dynamics. A fundamental objective of the framework presented 
here is to propose a process-based approach to analyze community assembly. Because the 
approach explicitly represents the influence of assembly processes, it allows testing more 
specific hypotheses on how niche-based and/or neutral processes play. For instance, different 
shapes of environmental filtering and the contributions of one or several traits can thusly be 
considered and compared, in which case model comparison can be used to evaluate which kind 
of filtering and which traits most likely partake in community assembly. 
Another important objective is to assess the nature and strength of trait-environment 
relationships. In the application on Colorado meadows, we can assess and discuss how an 
elevational gradient entails changing parameters of environmental filtering and migration. And 
while trait-environment relationships are often characterized by relating metrics of functional 
composition to environmental variables, biases can arise and lead to wrong interpretation (e.g., 
Denelle et al. 2019). In which case, a more explicit inference of parameters directly relating to 
assembly processes can avoid misinterpreting changes in diversity patterns along 
environmental gradients and benefit biogeographical studies (Violle et al. 2014). 
 
Characterizing the respective contributions of neutral and niche-based processes 
Specifically, determining whether and how neutral and niche-based processes drive 
biodiversity dynamics is a central objective in community ecology, yet characterizing and 
quantifying their respective influences is still unclear. In the context of our framework, we can 
consider different - and complementary - ways to address these processes’ relative importance.  
Model selection can be used to compare a purely neutral model, in which assembly does 
not depend on any species differences, to a model in which the local performance further 
depends on species attributes and thusly identify the contribution of niche-based processes. 
Also because the approach is process-based, it is possible to interpret the ecological meaning 
of estimated parameter values. In the case of Gaussian environmental filtering - as presented in 
the example - a very broad filter (high σ) implies that community assembly is less constrained 
by trait values (weaker filtering), suggesting more neutral assembly.  
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In addition, lower estimated migration rates means that local drift is less counterbalanced 
by immigration, denoting the enhanced influence of stochastic demographic dynamics on 
community assembly. A variation of migration rates related to habitat fragmentation and 
community isolation can reveal spatial constraints on dispersal limitation. 
Estimated parameter values thus warrant characterizing the relative strengths of niche-based 
and stochastic forces. Predictive checks can be used to gauge the deviation of simulated 
outcomes of community assembly for a given model, to observed patterns of diversity, which 
may call for re-assessing the model to hypothesize the contributions of additional non-neutral 
component. These options are not alternative ways to test neutrality but provide complementary 
insights on the extent to which niche-based dynamics influence community assembly. Hence, 
from a perspective in which there is no strict limit between neutral and niche influences but 
rather a continuum of their relative importance (Gravel et al. 2006), the process-based approach 
allows explicitly addressing where a given community is located along such gradient. 
 
The conditional nature of conclusions 
A simulation-based Bayesian approach offers powerful and flexible solutions to analyze 
contrasted assembly processes and infer their relative importance from biodiversity patterns. 
The great advantage of ABC is to bypass the difficulty that lies in computing a likelihood 
function from process-based complex ecological models.  
However these benefits come at a cost: the way to define and test the results of any model 
is conditional to the manner in which its prior parameter distributions have been defined - an 
issue crucial to Bayesian statistics. Defining uninformative priors runs the risk of simulating 
highly unrealistic scenarios that can blur and bias the statistical analysis of the resulting 
posterior distributions. Meanwhile, there is a chance that restricted priors based on independent 
knowledge, may be biased and induce misleading conclusions. Thus, users should 
conscientiously take into account these considerations and possible trade-offs when designing 
assembly models and analyzing their simulated outcomes with ABC.  
Another aspect of conditionality is not proper to ABC, but regards the fact that the external 
pool of migrants is defined a priori. The structure of the species pool and the ecological 
implications of its immigrant relative abundances should carefully be examined in relation to 
the conclusions being drawn regarding community assembly. That being said, the effect of the 
definition of the species pool can be apprehended using our framework by performing model 
selection and/or assessing the respective relevance of alternative models differing in the 
definition of the species pool. 
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Which facets of biodiversity best reflect the influence of assembly processes? 
Moreover, the statistical power of inference as well as model selection will depend on the 
relevance of summary statistics included in the ABC analysis. Using functional diversity 
metrics can be relevant to grasp the influence of trait-based community assembly (McGill et al. 
2006), while taxonomic diversity grasp the signature of demographic stochasticity in neutral 
models (Etienne et al. 2005, Munoz et al. 2007). Incorporating statistics of beta diversity can 
also be relevant to address the influence of dispersal limitation (Munoz et al. 2008) and species 
sorting relating to changing functional composition along environmental gradients. 
Investigating accepted summary statistics and how they differ from the observed can be helpful 
to understand which aspect of diversity the resulting model is most likely to capture. If only the 
accepted statistics relating to one aspect of diversity come close to their observed counterparts 
then the issuing model may over-represent this aspect and fail to capture the other.  
 
Which model of community assembly can we use? 
The approach we propose here is applicable to any process-based model of community 
assembly. However it requires intensive simulation of communities over broad ranges of 
parameters which can be too resource- and time-consuming to be performed with standard 
calculation resources. The coalescent-based modelling of community assembly offers an 
interesting solution as it is far quicker than forward-in-time alternatives (Munoz et al. 2018). 
Currently available coalescent-based models can incorporate neutral dynamics and diverse 
kinds of environmental filtering, but the way to simulate species interactions in a coalescent-
based framework remains an open area of research. Also the process-based approach can be 
used to represent evolutionary processes determining the composition of species pools which 
can be parameterized and their values inferred from the comparison of simulated model 
outcomes with observed patterns of diversity.  
 
Conclusions 
 
We illustrated how the combination of a process-based model of community assembly 
with Approximate Bayesian Computation can help ecologists to infer the contributions of 
neutrality and determinism. This can be applied in many contexts so as to assess the role of both 
processes in various environmental gradients. Hypotheses about ecological succession or the 
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links between neutral influences and the spatial scale of study can be tested with this powerful 
tool. A better comprehension of the environmental filtering shape and strength is also provided. 
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Appendix 
 
- Misclassification analysis: 
 
Graphical illustration of the confusion matrix resulting from the misclassification analysis for two 
community assembly models. Colors correspond to models with either stabilizing environmental 
filtering (dark grey) or pure neutral dynamics (light grey). If the simulations were perfectly classified, 
each bar would have a single colour of its own corresponding model.  
 
Prediction error based on a leave-one-out cross-validation sample of 100 for the parameters of the 
community assembly model with stabilizing environmental filtering for communities along an 
elevational gradient.  
Communities topt sigma m 
2460 0.259 0.529 0.497 
2710 0.3317 0.419 0.493 
2815 0.161 0.409 0.428 
3155 0.143 0.476 0.561 
3375 0.166 0.522 0.646 
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Abstract 
Disentangling the relative parts of stochasticity and determinism is a major objective in 
community ecology. Across successional gradients, the main hypothesis posits that the 
influence of deterministic processes increases along the succession. Few studies however have 
examined how stochastic and deterministic processes jointly shape community assembly and 
composition, and how their respective contribution changes along succession. 
Using a dataset of Mediterranean outcrops, with individual measurements, distributed 
along a gradient of time since road work created a nude habitat, we address this hypothesis. To 
do so, we use a mechanistic model integrating environmental filtering, immigration and local 
demographic stochasticity as assembly components. The parameters of the processes are 
inferred and compared across communities along the successional gradient. 
We found that the immigration parameter increased along the succession, indicating that 
dispersal and establishment limitations play more on community assembly in early succession. 
The process-based model proposed here can be used to estimate parameters of stochastic and 
deterministic assembly processes in various ecosystems. 
  
Key words: community assembly, neutral theory, determinism, ecological succession, 
mechanistic model 
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Introduction 
How community assembly changes along ecological succession after an initial 
disturbance is a long-standing question in ecology. Earlier works proposed conflicting views 
either focusing on the role of deterministic changes related to niche-based processes (Clements 
1916), or acknowledging the contribution of individual dynamics subject to stochastic 
variations (Gleason 1926). In a broader perspective, purely deterministic, niche-based models 
of coexistence (e.g., MacArthur and Levins 1967) have been opposed to strictly neutral models 
of community assembly (Hubbell 2001), but both processes can be at play (Chase and Myers 
2011, Munoz and Huneman 2016) and their relative importance can change along 
environmental gradients (Gravel et al. 2006, Adler et al. 2007). A central objective of the 
present study is to determine how stochastic and deterministic processes drive community 
dynamics along an ecological succession, and whether their relative influence change over time. 
Only a few recent works have addressed this issue (Dini-Andreote et al. 2015, Ulrich et al. 
2016, Måren et al. 2018, Marteinsdóttir et al. 2018). 
Ecological succession represents how community composition changes after an initial 
disturbance destroying biomass and opening space (Connell and Slatyer 1977). The initial 
disturbance resets the trajectory of the community to a point where almost no individual suffers 
from competitive interactions because of low vegetation density (Grime 1977). The 
establishment of first colonizers should then be ruled by dispersal abilities and colonizers’ 
availability, while competition should play a minor role (Fig. 1). In this regard, colonization of 
empty space in early succession should be constrained by dispersal and establishment 
limitation, which enhances the influence of stochastic dynamics (Hubbell 2001). In addition, 
contingent events of early colonization should increase dissimilarity among early-successional 
communities (McCune and Allen 1985, Jenkins and Buikema Jr 1998, Chase 2007). As the 
succession goes on, more colonizers can reach the communities and establish populations, and 
vegetation density increases. Positive and negative interactions between individuals and niche-
based dynamics should then become more influential on community assembly. Longer-lived 
species will also increase their biomass and competitive effect along their ontogenetic 
development. In addition, local environmental conditions are modified by earlier colonists 
producing organic litter and microclimatic conditions (Laland et al. 1999). Environmental 
filtering, as a force selecting species adapted to the local abiotic conditions (Kraft et al. 2015), 
should then change as environment is modified along the succession. It should confer greater 
establishment success and survival rate to species better adapted to the local conditions (Keddy 
and Shipley 1989). Here, we hypothesize that later stages of ecological succession are 
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characterized by lesser influence of stochastic dispersal and demographic dynamics, while the 
dominance of better competitors and species truly adapted to the abiotic conditions should entail 
a stronger imprint of deterministic processes, i.e. niche-driven dynamics (Dini-Andreote et al. 
2015). Due to common deterministic constraints, composition should also become more similar 
among communities in later stages. In sum, we expect decreasing influence of stochastic 
processes relatively to deterministic processes along the succession. We will investigate the 
issue in a primary succession of plant communities on vertical outcrops created after roadworks 
in Mediterranean France (Raevel et al. 2012a, b). 
The ability of organisms to disperse, survive and reproduce in the local environment 
depends on functional traits (Violle et al. 2007). Arrival and dominance of species better 
adapted to the local abiotic conditions along the succession should yield changing selection of 
organisms depending on their functional traits, and thus changing functional composition of 
communities (McGill et al. 2006). There is evidence of directional changes in functional 
composition along ecological successions, reflecting changing environmental constraints and 
niche-based dynamics (Garnier et al. 2004, Navas et al. 2010, Raevel et al. 2012a). In a 
Mediterranean context, the interplay of environmental filtering and competitive interactions 
should progressively favor species with low Specific Leaf Area (SLA) conferring drought 
resistance (Bernard-Verdier et al. 2012). We thus expect a decrease of SLA at community level 
in late succession. In addition, the development of long-lived species along the succession 
should lead to increasing vegetative height in communities. Since seed mass and vegetative 
height are positively related in this system (Raevel et al. 2012a), we also expect heavier seeds 
to be observed in the later stages. Ecological succession is therefore supposed to entail shifts in 
the Leaf-Height-Seed scheme (Westoby 1998). Regarding the variance of the traits at 
community level, we expect environmental filtering in early successional stages to act 
independently of the presence of species. As the succession goes on in rocky outcrops, 
colonizers are expected to modify the abiotic conditions in cracks and crevices, with 
accumulating organic matter and greater water and nutrient availability. The impact of drought 
can therefore become more heterogeneous within Mediterranean outcrops along the succession, 
leading to increasing functional variance. Although changing functional composition is 
expected to reflect changing environmental filtering over time, neutral stochastic processes 
jointly affect community composition (Ulrich et al. 2016). Specifically, taxonomic composition 
can reflect both the influence of deterministic processes selecting species and determining their 
abundance depending on their niche, and neutral demographic dynamics. Here we examined 
changes in both functional and taxonomic composition to grasp the entangled influences of 
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stochastic and deterministic dynamics along the succession of Mediterranean outcrop plant 
communities. 
Models of community dynamics integrating demographic fluctuations, migration 
dynamics and environmental filtering allow characterizing how community composition 
changes under the joint influence of stochastic and deterministic processes (Jabot et al. 2008, 
Loranger et al. 2018, Munoz et al. 2018). We devised a model of community assembly 
incorporating both stochastic and deterministic processes. We inferred the parameters driving 
these processes in communities sampled along the primary succession of Mediterranean 
outcrop plant communities. Specifically, we assessed the variation of immigration-drift 
dynamics, due to neutral processes, and of environmental filtering along the succession. Our 
results show the combined influence of neutral and niche-based processes, with increasing 
influence of trait-based, deterministic processes on functional composition and decreasing 
influence of dispersal limitation over time. 
  
Material and Methods 
Plant communities in a primary succession on outcrops 
Outcrop creation generates a new habitat where no plant individual ever established and 
thus triggers a primary succession. Based on information of rail and road builders as well as 
ancient administrative maps, 52 vertical outcrops were sampled in six age classes: 0-10 years 
old (n = 40 communities), 10-20 years old (n = 40), 20-30 years old (n = 55), 30-50 years old 
(n = 35), 50-80 years old (n = 60) and 90-140 years old (n = 55). The environmental conditions 
were homogenous among and within each outcrop and representative of Mediterranean climate, 
i.e., intense summer drought, frost in winter and frequent heavy rainfall events in autumn. Each 
outcrop had a slope over 80°, their bedrock was Mesozoic superior, height was over 6 meters, 
and they were located at elevation between 100 and 400 meters a.s.l.  
Five 4m² quadrats were laid within each outcrop. All individuals were counted and 
identified in each quadrat, representing in total 17778 individuals belonging to 221 species. The 
number of individuals per quadrat ranged from 4 to 315, with an average of 50. Functional traits 
were measured for species representing over 80% vegetation of each sampling unit, following 
the recommendation of Pakeman and Quested (2007). Small populations of phanerophytes were 
also included in trait measurements. 
We selected three functional traits related to resource use, regeneration and phenology 
strategies (Westoby 1998, Grime 2002). The specific leaf area (SLA; ratio of fresh leaf area to 
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leaf dry mass; in mm² per mg), related to plant resource use, was measured on 10 intact, full-
grown replicate leaves per species, and averaged at species level (Cornelissen et al. 2003). Leaf 
Dry Matter Content (LDMC in g/g) was also measured from the leaves collected on the field. 
The maximum vegetative height (PH for plant height in cm) during the growth period was 
measured and averaged over twenty individuals per species. Seed mass (SM in mg) was derived 
from the Seed Information Database (Liu et al. 2008) and data from Navas et al. (2010). Both 
plant height and seed mass were log-transformed due do asymmetrical distributions.  
We also considered three categorical traits, i.e., life form, dispersal mode and start of 
flowering period. They were extracted from the LEDA database (Kleyer et al. 2008) and 
completed using a local flora (Tison et al. 2014). The categories and the associated number of 
species are displayed in Table 1. Intraspecific trait variability was assumed to be negligible 
compared to interspecific variation, in a context of substantial species turnover along the 
succession (Siefert et al. 2015). 
 
 Identifying a functional turnover along the succession with a RLQ analysis 
We performed a RLQ analysis to characterize functional changes across communities 
along the succession. RLQ is a multivariate analysis that links environmental variables (R table, 
here age class) to species traits (Q table, Leaf-Height-Seed traits and categorical traits) through 
the matrix of species abundances within communities (L table). In our analysis, the analysis 
concerned 285 quadrats within 6 age classes, including 96 species with trait information (Table 
1). Species scores on RLQ axes represented their average position along independent functional 
dimensions, which synthetized the trait variations across age classes (Raevel et al. 2012a).. 
 
Summary statistics of community composition 
We characterized the taxonomic and functional composition of communities. To 
represent local taxonomic composition, we measured species richness, Shannon diversity and 
Pielou evenness in each quadrat. To represent the compositional variation among communities 
within an age class, we computed β-diversity metric using Bray-Curtis metric with vegan R 
package. 
We also used the modified Raup and Crick dissimilarity index which compares the 
dissimilarity between two communities compared to a random expectation where taxonomic 
composition of communities are composed of species without any assembly rules (Chase et al. 
2011). The closer gets this metric to 1, the more dissimilar is the associated pair of communities 
compared to random expectation. 
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  To represent local functional composition, we calculated the moments of trait 
values weighted by species abundances in communities. We selected the four first moments 
(mean, variance, skewness, kurtosis), as they provide complementary insights into underlying 
assembly processes (Enquist et al. 2015, Gross et al. 2017). 
This set of summary statistics was used to compare observed community composition 
with that of simulated communities, and to determine the most plausible parameter values of 
assembly dynamics (Munoz et al. 2018). 
 
Community assembly model 
To estimate the relative influence of stochastic and deterministic processes along the 
succession, we used a model where local assembly depends on immigration from an external 
pool and on local trait-based environmental filtering (Loranger et al. 2018, Munoz et al. 2018). 
Community composition is defined by building the genealogy of individuals conditionally on 
immigration and environmental filtering parameters (coalescent-based approach). The 
ancestors of extant lineages are immigrants drawn from an external pool of species, while the 
establishment and survival of the descendants is affected by environmental filtering and neutral 
drift dynamics (Figure 1 in Munoz et al. 2018). 
The parameter I quantified the balance of immigration and local drift, and represented 
the stochastic component of the model (Hubbell 2001, Etienne 2005). A higher I meant that 
either the community received more immigrants of included more individuals, so that the 
influence of stochastic demographic extinctions and abundance fluctuations decreased with 
higher I. Because of a highly skewed distribution, we applied an arc-tangent transformation of 
I in subsequent calculations. In addition, a migration rate m was derived from I to represent a 
standardized metric ranging between 0 and 1, such as I = m (J-1)/ (1-m) with J the number of 
individuals in a community. m = 1 represented a situation where no dispersal limitation 
influenced local community composition, while a value of m close to 0 means rare immigration 
and high influence of demographic stochasticity on community composition (Hubbell 2001, 
Munoz et al. 2018). 
When environmental filtering played, the probability of individual establishment in a 
community could be influenced by how species trait values allowed greater local performance 
(Jabot et al. 2008, Munoz et al. 2014). The probability that an ancestor immigrant establish and 
give descendants was then weighted by a Gaussian function representing how well its functional 
trait values were close to some local optimum (Loranger et al. 2018). The relative species 
weights then captured fitness differences due to variation in functional traits among immigrants 
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(Munoz et al. 2014).This filter could involve several traits combined in a multiplicative way 
such as in the following formula: 
FGHI JI-@ I)@ I-KLM @ I)KLM @ N-KLM @ N)KLMO = PQ
JRSQRSKLMO²)TSKLM² × PQJRUQRUKLMO²)TUKLM²  
With t1 and t2 two trait values of one species, t1opt and t2opt two optimal trait values at 
local scale and σ1opt and σ2opt the strengths of both environmental filtering. While the above 
formula develops the multiplicative combination between the two filtering functions, we also 
considered an additive version of the equation. Indeed, the two scenarios can be expected to 
occur in natura, the multiplicative component corresponding to a situation with retroaction 
loops on performance while additive filters imply two independent drivers of local 
performance. The multiplicative writing implies that the functional proximity to the optima 
multiplies the chances of establishment, survival and dispersal, while the additive version leads 
to an independence of the two functional distances. 
Following Raevel et al. (2012), we used the first two RLQ axes as synthetic functional 
dimensions related to successional changes along the succession. We used species scores on 
the two axes as synthetic, independent traits involves in environmental filtering.  
  
Approximate Bayesian Computation (ABC) 
We simulated communities over broad ranges of parameter values ruling immigration 
intensity and environmental filtering, that is, the dispersal limitation m, the local optimum 
values topt and the environmental strength σopt, and compared the composition of simulated 
communities to that observed in vertical outcrops. The comparison was based on the above-
defined summary statistics of taxonomic and functional composition. We performed 
Approximate Bayesian Computation (ABC) (Csilléry et al. 2010, Sunnåker et al. 2013) to get 
posterior distributions of parameter values likely to represent the dynamics in observed 
communities. 
For each parameter, we defined uniform prior distributions. As species coordinates on 
the first two RLQ axes were used as synthetic functional dimensions, we bound the prior 
distributions of topt values with the minimum and maximum species RLQ scores. For σopt, we 
bounded the prior with the minimum standard deviation of RLQ coordinates in a community, 
and the standard deviation of RLQ coordinates in the whole pool of species. The prior 
distribution of m was bounded between 0 and 1. 
The posterior distributions were calculated based on a 1% subset of simulation closest 
to observed composition (rejection tolerance threshold). 9999 simulations were run for each 
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outcrop community. The pool of species providing immigrantse was defined as a sample of 
10% the merged observed communities. We performed model simulations and analyses by 
using the R packages ecolottery (Munoz et al. 2018) and abc (Csilléry et al. 2010). 
  
Model misclassification and selection 
Model selection with ABC is only relevant if the simulations of alternative models can 
be distinguished based on the summary statistics. The cv4postpr function of the abc package 
classifies the simulations of several candidate models by use of a multinomial logistic model. 
The validity of the prediction of this model is assessed on simulated communities and is 
synthesized as a confusion matrix.  
If the confusion matrix is satisfying, the postpr function gives the probability that a 
given community composition complies with each of the candidate models. We applied the 
procedure to determine which of the multiplicative and additive filtering models could best 
explain observed community composition. 
 
Cross-validation of parameter estimates 
Once the most plausible model was selected for each quadrat, we checked the accuracy 
of parameter estimation by means of a leave-one-out cross validation, using the cv4abc R 
function (Csilléry et al. 2010). This method draws 1000 simulations, and estimates their 
posterior distributions with ABC analysis. The estimated parameter values are then compared 
to the expected ones. The procedure is applied for different tolerance values. 
  
Variation of the assembly parameters along succession 
Once we defined the preferential model for each quadrat, the parameters associated to 
it were estimated by performing a multivariate parameter estimation based on summary 
statistics. We compared the distribution of accepted parameter values under the selected models 
between quadrats and according their associated successional age. The posterior parameter 
values, reflecting the most probable forces of the neutral and niche-based processes acting on 
observed communities, could then be plotted against the successional gradient. 
 
Predictive check 
Based on the median parameter values estimated for each age class, we simulated 999 
communities with the coalesc function of the ecolottery package (Munoz et al. 2018), for each 
quadrat. We used these predicted communities to check consistency in the prediction of species 
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abundances: for each species we counted the number of times the predicted species abundance 
was below or above the observed abundance. The p-value was the proportion of predicted 
species deviating from observed abundances at 5% threshold. Community p-values were 
plotted against age classes. 
 
Results 
Taxonomical composition variation across age classes 
Outcrop communities were quite dissimilar between them with an average Bray-Curtis 
dissimilarity around 0.9. The β-diversity decreased along the successional gradient in 
comparison with a null situation where species abundances are not driven by any ecological 
rules (Fig. 2). 
 
RLQ analysis 
The RLQ analysis identified two main axes of variation explaining more than 80% of 
the observed variation (Appendix S1). The first axis was related to plant height, seed mass and 
leaf dry matter content as well as to dispersal mode. Small species with light seed dispersing 
by wind were opposed to tall species with heavy seeds and leaves with high density of 
secondary tissues. The second axis opposed annual species with high SLA and early flowering 
to long-lived species flowering in late-spring or summer. Community scores on both axes 
differed among age classes (Appendix S1). When computing the CWM of each quadrat relative 
to these two traits, we observed a strong positive relationship between the second axis and the 
successional gradient indicating that quadrats in late succession were dominated by species with 
high SLA. The relationship with the first RLQ axis was less interpretable (Appendix S2).  
 
Posterior predictors of the community assembly model 
Model misclassification was perfectly segregating both filtering models (Fig. S3, left 
panel). The posterior probabilities of the models were higher for the model including a 
multiplicative component between the two environmental filters than for the model with an 
additive component (Fig. S3, right panel). We thus retained the multiplicative model in 
subsequent analyses. 
A cross-validation of the parameters (Fig. S4) revealed that the fit was correct for m and 
topt parameters, but less accurate for σopt for the three values of tolerance threshold evaluated. 
With a tolerance of 1%, the coefficient of determination of a linear relationship between the 
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true value and the simulated values were around 0.73 for both topt, 0.47 for m and around 0.32 
for both σopt. 
Across age classes, the dispersal limitation parameter m increased from around 0.24 in 
early succession, to 0.35 in final stage. The variability was still quite large due to the uncertainty 
aroud posterior estimates and the variability between communities of a single age class (Table 
1). The number of immigrants I, transformed with an arctangent function, also increased along 
the ecological succession. The optimal trait value for the first filtering globally slightly 
decreased along the successional gradient contrarily to the second optimal value was strongly 
positively correlated with the successional gradient. The strength of environmental filtering was 
quite homogenous for both synthetic traits, with strong variation along the succession even 
though the strengths of both filters were respectively slightly decreasing and increasing in a 
significant manner (Table 1). 
 
Comparison between simulated abundances and observed ones 
At each successional stage, the total abundance distribution of species was strongly 
asymmetrical with many species having a few numbers of individuals and few species 
dominating. Observed abundances of species were positively related to the p-value-value of 
being below the null distribution. Rare species often fall under the 5% threshold, meaning that 
they were over-estimated in the simulations (Appendix S5). 
  
 Discussion 
Both neutral and niche-based processes play in community assembly (Gravel et al. 
2006), and ecological succession provide a relevant case to address how their relative influence 
changes over time (Del Moral 2009). Specifically, after initial disturbance, the first species 
establishing are supposed to be less limited by dispersal and more likely to be found in the 
surrounding vegetation. The identity of first species able to reach the new void habitat can 
therefore result more from chance events than strict functional adaptation to the abiotic 
conditions. Additionally, vegetation is scarce and competitive interactions should be looser 
among early-arrival species. In later successional stages however, these interactions should 
become stronger, as vegetation density increases and more competitive species could have 
reached and colonized the community. Species displaying functional traits in adequacy with the 
local optimum can therefore dominate late stages, leading to a stronger imprint of niche-based 
processes. Here we showed how to estimate the changing of relative influences of neutral and 
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niche-based processes, using a mechanistic model of community assembly incorporating the 
two components (Munoz et al. 2018) along a succession of plant communities in Mediterranean 
outcrops. 
Assessing stochastic influences on community assembly is challenging especially when 
the combination with niche-based processes is at play because of potential confounding effects 
(Chave et al. 2002). The influence of stochasticity is often related to the unexplained part of 
variance in variance partitioning (Dini-Andreote et al. 2015) or from observed decreases of β-
diversity along succession (Zaplata et al. 2012). However, these approaches do not explicitly 
assess the influence of neutral and non-neutral processes, so that confounding effects of the 
processes (Chave et al. 2012) and sources of variation not acknowledged in variation 
partitioning can be misleading. Here we more explicitly estimate the parameters of neutral and 
non-neutral processes in a mechanistic model of community assembly combining stochastic 
migration-drift dynamics and environmental filtering. (Jabot et al. 2008, Munoz et al. 2018). In 
this model, the relative influence of neutral stochastic dynamics is represented by the variation 
of m and I: the higher m and I are, the lesser is the influence of stochastic dispersal and 
demographic dynamics relatively to the influence of environmental filtering. We found 
increasing m and I values along the succession, suggesting lesser dispersal limitation as 
succession proceeds. This variation is consistent with the significant decrease of β-diversity 
along the successional gradient (Figure 2), also indicating lesser influence of dispersal 
limitation and stochasticity (Baselga 2010, Zaplata et al. 2012). Strong variation of m value 
within each age class could be explained by the dynamics of short-lived and perennial species 
at the beginning of the succession with high demographic turnovers while the later stages are 
characterized by stable dominance of perennial species. 
While the relative influence of stochasticity declined along the successional gradient, 
we as well observed shifts in both local functional optima topt, corresponding to distinct means 
of the Gaussian environmental filtering functions (Shipley 2010), and the strength of the 
environmental filtering, determined by the standard deviation σopt of the Gaussian functions. 
Determining local functional optimum is a long-goal standing in ecology (Lavorel and Garnier 
2002, Shipley 2010). Methods to assess the adaptiveness value of functional traits along 
environmental gradients often rely on the assessment of CWM ~ Environment relationships 
(Shipley et al. 2006, Cornwell and Ackerly 2009, Sonnier et al. 2010). To determine such a 
relationship in our communities, we used a multivariate method maximizing the variation 
observed between the functional traits of species across communities of different ages (Dray et 
al. 2014). RLQ analysis based on functional traits related to resource acquisition, competition 
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for light, dispersal, survival at seedling stage and phenology allowed segregating communities 
along the successional gradient (Appendix S2), from communities dominated by annual plants 
with fast resource acquisition at early stage to communities dominated by perennial species 
adapted to the drought induced by the Mediterranean context (Raevel et al. 2012a). In this line, 
we interpreted the species coordinates on the first two RLQ axes as being a good descriptor of 
the local functional patterns through the successional gradient.  
Posterior parameter values of topt showed a shift of functional optimality consistent with 
the observed RLQ coordinates of species averaged at the community scale (Figure 4, Appendix 
S2). Filtering strength still did not clearly increase towards the end of the succession which 
could be explained by the fact that cross-validations showed that σopt were less correctly inferred 
from ABC analysis than the other parameters (Appendix S3). Hypotheses have been made that 
end of environmental gradients should be associated with stronger influence of abiotic filtering 
on community assembly (Weiher et al. 1998, Callaway et al. 2002, Butterfield 2015). In 
ecological succession, these hypotheses may translate in terms of stronger biotic interactions in 
late-stages. However, in our successional context, the abiotic filtering was not expected to 
change along the gradient since the communities were sampled across similar conditions 
(Raevel et al. 2012b). Moreover, along succession, species can modify at a very fine scale the 
micro-environment creating new local niches (Laland et al. 1999), which could explain weaker 
environmental filtering over time observed for the topt related to the stature axis. In this line, 
local deeper crevices with more shaded environments could be created by the ontogenetic 
development of tall perennial species in the outcrops (Raevel et al. 2012a). Oppositely, greater 
competition in late succession can entail filtering of ecological strategies conferring competitive 
ability and allowing dominance (Mayfield and Levine 2010). In the context of outcrop 
communities, limitation on nutrient and water resources could favor on a long-term basis stress-
resistant species able to conserve the resources, contrasting with the early-stages stress-avoidant 
species (Verdu et al. 2009). This could explain stronger filtering observed in late stages for the 
functional axis related to resource conservation. Nevertheless, both these effects remain 
fluctuant over time which could be due to the complex interplay between these two filters, 
found to interfere in a multiplicative way, additionally to quality of inference of the σopts 
(Appendix S3). 
We re-simulated communities with median parameter values determined for each age 
class. We found that, even though the simulated abundance distributions were asymmetrical, 
the abundances of rare species were over predicted by our model. The most abundant species 
were in average not lower estimated. An explanation can be that our immigration model, where 
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immigrants are drawn from a regional pool that is the sum of the observed abundances of 
species, does not correctly represent the sources of migrants and the dispersal process. Better 
representing the regional set of species (Lessard et al. 2016), e.g., considering the surrounding 
sources of dispersers in a spatially manner, could allow to more accurately predict local 
abundances. 
 
Conclusion 
Using a mechanistic assembly model integrating immigration, environmental filtering 
and local demography, we showed decreasing influence of neutral processes relatively to trait-
based filtering along a primary ecological succession. The approach is based on explicit 
estimation of the parameters of assembly processes, which constitutes a promising roadmap to 
study the respective contributions of neutral and non-neutral processes in diverse environmental 
contexts. 
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Figures 
 
Figure 1. Outcrop communities through successional stages 
The regional pool of species is represented by the upper horizontal box and contains a set of species 
describing the vegetation observed in the Mediterranean scrublands. A community undergoing 
vegetation assembly after an initial disturbance is represented by a green square. Black curve arrows 
represent the effect of dispersal from the regional pool. The horizontal grey arrows represent the gradient 
of ecological succession. 
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Figure 2. Bray-Curtis distances in consecutive pairs of age classes. 
Variation in taxonomical beta-diversity of two consecutive classes along the succession compared to a 
null model. Y-axis represents the Raup and Crick dissimilarity metric revisited by Chase et al. (2011). 
The closer to 1 is the metric, the more dissimilar are the communities from consecutive age class 
regarding null expectation and reverse. The number of community pair is indicated above each boxplot. 
Letters indicate the groups determined by a Kruskal-Wallis rank test. 
 
 
Figure 3. Posterior distribution of immigration parameter 
Each panel deals with one parameter of the model, respectively the migration parameter m, and the 
number of immigrants I, transformed using an arctangent function. Above each boxplot figures the 
number of posterior parameters for each community, i.e. 1% of the 9999 = 99 samples of the model. 
Numbers of samples are displayed above each boxplot as well as the group determined by a Kruskal-
Wallis rank test, indicated by letters. 
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Figure 4. Posterior parameters distribution 
Each panel deals with one parameter of the model, respectively the optimal trait defined by the 
environmental filtering topt (left panels) and its strength σopt (right panels). The first row presents the 
results for the first RLQ axis and the second row for the second RLQ axis. The whole distribution of 
posterior parameters is displayed for each community, i.e. 1% of the 9999 = 99 samples of the model. 
Numbers of samples are displayed above each boxplot as well as the group determined by a Kruskal-
Wallis rank test, indicated by letters. 
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Table 1. Discrete traits and number of species per category 
Each of these traits was extracted from external databases and were used into the RLQ analysis. 
Biological trait Data type and unit Range or categories 
Specific Leaf Area (SLA) Quantitative (in mm²/mg) Range 
Plant Height (PH) Quantitative (in cm) Range 
Seed Mass (SM) Quantitative (in mg) Range 
Leaf Dry Matter Content (LDMC) Quantitative (in mg/g) Range 
Life form Qualitative Herbaceous perennials 
Woody perennials 
Short-lived annuals and biennials 
Seed dispersal mode Qualitative Anemochory 
Barochory and autochory 
Endozoochory 
Epizoochory and myrmecochory 
Start of flowering Qualitative (months of dispersal) Early flowering January-March 
(JM) 
Spring flowering April-May (AM) 
Summer flowering June-August 
(JA) 
 
Table 2. Mean and variance of posterior parameters per age class 
Mean and variance of the posterior parameters are given for each age class. 
Parameters/age class 0-10 10-20 20-30 30-50 50-80 90-140 
m μ = 0.35 
σ = 0.25 
μ = 0.38 
σ = 0.25 
μ = 0.34 
σ = 0.24 
μ = 0.4 
σ = 0.25 
μ = 0.45 
σ = 0.26 
μ = 0.49 
σ = 0.26 
topt1 μ = 0.52 
σ = 2.14 
μ = -0.35 
σ = 1.9 
μ = -0.34 
σ = 1.87 
μ = 0.05 
σ = 2.07 
μ = 0.28 
σ = 2.02 
μ = -0.84 
σ = 1.95 
topt2 μ = -0.87 
σ = 1.52 
μ = -0.57 
σ = 1.64 
μ = -0.24 
σ = 1.74 
μ = 0.07 
σ = 1.94 
μ = 1.43 
σ = 1.71 
μ = 1.75 
σ = 1.675 
σopt1 μ = 1.35 
σ = 0.44 
μ = 1.48 
σ = 0.42 
μ = 1.48 
σ = 0.42 
μ = 1.49 
σ = 0.42 
μ = 1.53 
σ = 0.41 
μ = 1.5 
σ = 0.42 
σopt2 μ = 1.44 
σ = 0.41 
μ = 1.42 
σ = 0.41 
μ = 1.36 
σ = 0.43 
μ = 1.39 
σ = 0.42 
μ = 1.4 
σ = 0.4 
μ = 1.38 
σ = 0.41 
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Appendices 
 
Figure S1. Ordination of functional traits and age classes according to the two first axes of the RLQ 
analysis. Coordinates of categorical traits are displayed with grey labels while continuous traits are 
indicated with black labels. Black bold labels correspond to the projection of each age class. The 
percentage of variance explained by each RLQ axis is indicated in the legend of the axes. 
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Figure S2. CWM on the first two RLQ axes through age classes 
One boxplot is displayed per age class. The Community Weighted Mean of each quadrat for the species 
coordinates on the first two RLQ axes are displayed. Kruskal-Wallis tests indicate whether each age 
class belongs to different groups. 
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Figure S3. Confusion matrix of model misclassification and posterior predictive probabilities between 
two different models. 
The confusion matrix is illustrated by two grey bars. Since they both have a single color, both models 
are perfectly identified. Model posterior probabilities are displayed on the right panel, blue and orange 
boxplots respectively representing multiplicative and additive environmental filters. 
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Figure S4. Cross validation of the parameters of the models 
The five panels display the cross-validations for the parameters m, topt and σopt. Due to the important 
number of simulations, points are not directly displayed and a density of points associated to a color 
gradient is shown. The coefficient of variation of a linear relationship between the true and the estimated 
values is displayed within each panel. 
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Figure S5. Average observed abundances in function of the average probability value per species that 
the simulated abundances in a quadrat are inferior to the observed ones. 
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Abstract 
Community-level trait-environment relationships are expected to reflect changes in 
fitness peaks along environmental gradients. This assertion rests upon the hypothesis that 
functional traits mirror local environmental optimum: most abundant species are those that best 
fit local environmental parameters. However, a functional trait can contribute to distinct 
coexistence mechanisms including those underlying biotic interactions, which could further 
break the link between functional distance to optimality and abundances. 
We build a community assembly model that is based on population dynamics and that 
integrates three pivotal coexistence mechanisms: environmental fitting, limiting similarity and 
hierarchical competition. In this model, species display functional traits that contribute more or 
less to the three assembly mechanisms modeled. This model explicitly test an assumption made 
across the literature: that the relationship between Community Weighted Mean (CWM) of a 
functional trait and an environmental gradient reveals the adaptiveness of a functional trait 
along this environment. Further, it quantifies the impact of the studied assembly processes on 
the strength of trait-environment relationships. 
We found that CWM ~ Environment relationships strongly depend on the contribution 
of the trait to both environmental fitting and hierarchical competition. 
Our model bridging population biology and trait-based ecology highlights the 
importance of accounting for assembly mechanisms when investigating trait-environment 
relationships. It questions the use of trait-environment relationships in functional biogeography 
as a predictive tool to track community response to environmental changes. Rather, we suggest 
that trait-environment relationships can be used as a diagnostic tool to reveal the role of the trait 
under scrutiny in the regulation of abiotic and biotic filtering.  
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Introduction 
How populations of organisms can establish, persist and coexist in communities along 
environmental gradients is pivotal in trait-based and community ecology (Lavorel and Garnier 
2002, Ackerly and Cornwell 2007). In population ecology, coexistence dynamics are tackled 
through the study of demographic rates and demographic differences between species are 
hypothesized to result from distinct physiological responses in a given environment (Yang!et!
al.!2018). Physiological responses are approximated by functional traits supposedly linked to 
species performance in a given environment (Violle et al. 2007). These variation of 
performance translates into contrasted demographic rates ultimately leading to variation into 
the trait distribution (Laughlin! et! al.! 2018). At the community scale, the abundance of a 
particular trait value is then expected to reflect better adaptation to the environment due to 
environmental filtering (Garnier et al. 2004, 2016, Cingolani et al. 2007). Therefore, averaging 
species response across co-occurring individuals can grasp the deterministic influence of niche-
based processes (McGill et al. 2006). A basic assumption is that more abundant species possess 
more fitted trait values increasing their local performance (Violle et al. 2007). In this line, many 
studies quantify the variation in community weighted mean (CWM) of trait values across 
communities to characterize changing environmental filters along gradients (Cornwell and 
Ackerly 2009, Borgy et al. 2017). However, the absence of generalization of the relationships 
between traits and environmental gradients through biogeographical areas (Forrestel et al. 2017) 
questions this hypothesis. Although many processes can entail this absence of generalization, 
the role of functional traits into the coexistence of species is supposed to be a major component. 
We here aim at discussing the promises and limitations of the axiom of trait-based ecology with 
a model of population dynamics incorporating trait-related fitness differences, but also a 
competitive hierarchy (Mayfield! and! Levine! 2010), and niche differentiation modulating 
competitive exclusion (MacArthur! and! Levins! 1967). We mechanistically explore in our 
model the relative contribution of a trait to each of these components, an essential but 
overlooked aspect in the literature (Herben and Goldberg 2014).  
As discussed by Chesson (2000), a first coexistence mechanism relates to the difference 
of relative growth rate between species. When these differences are small enough, equalizing 
processes enable several species to coexist on a certain time lapse (Adler et al. 2007). Relative 
growth rate can be thought as being determined by a good fit between the local abiotic 
conditions and the species’ abilities to overcome it. Following the axiom of trait-based ecology, 
each community can thus be virtually associated to a local trait optimum, topt, at which species 
get maximal performance. Therefore, when a species displays functional characteristics closer 
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to the optimum, its abundance should increase (Shipley! et! al.! 2006,! Shipley! 2010). The 
function describing the decrease of species’ performance as they get functionally apart from topt 
is generally conceived as a Gaussian curve (Violle et al. 2007, Munoz et al. 2018). This sole 
mechanism leads to a perfect linkage between species’ abundances and their functional 
distances to the local optimum. However, stabilizing processes, such as limiting similarity 
(MacArthur and Levins 1967), promote coexistence of species that are dissimilar enough 
regarding their functional traits, which leads to increasing abundance with greater trait 
dissimilarity. As shown by Fox (2012), this coexistence mechanism can disrupt the linkage of 
species abundances to their functional distance to topt. Such stabilizing processes can be of major 
influence for species coexistence (Chesson 2000, Adler et al. 2007) and break the axiom of a 
hierarchy of abundances along a functional dimension. A third coexistence mechanism has been 
reviewed by Mayfield and Levine (2010). They pointed out the effect of hierarchical 
competition that promotes a directional filtering towards a trait value giving a direct competitive 
advantage. Therefore, by favoring species with a particular competition trait value rather than 
species functionally close to a local ecophysiological optimum, this mechanism can also break 
the linkage between abundances and distances to local optimum. While being well-known, the 
joint influence of these three mechanisms on local functional diversity patterns has never been 
integrated in a single mechanistic model. 
Functional traits are supposed to relate to species adaptations to the local abiotic 
conditions and therefore to performance (Violle et al. 2007). However, a particular trait may 
not necessarily relate to the constraints imposed by the abiotic environment but could be instead 
a major determinant of the competitive interactions between species. The contribution to biotic 
interactions can be decomposed into the limiting similarity and hierarchical competition 
(Herben and Goldberg 2014). While interpreted from the observation of local functional 
patterns (Spasojevic and Suding 2012), to our knowledge there is no attempt to quantify the 
contribution of one or more trait(s) to each of the three coexistence mechanism within an 
integrative model. Similarly, correlation between functional traits may affect the values of 
community functional metrics. Indeed, one functional trait may not participate directly to 
competitive interactions or relate to the abiotic filtering but could be highly correlated with 
other functional dimensions involved in these processes. In this case, significant 
CWM~Environment relationships may be found but the associated conclusions should take into 
account the degree of collinearity between traits. However, this aspect may have serious 
implications regarding the trait ~ environment relationships at the community scale and their 
generalization (Forrestel et al. 2017). Indeed, depending on the importance of one trait to the 
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relevant coexistence mechanism, CWM can be a good estimator of the functional optimum topt 
imposed by the environmental filtering or not (Figure 1). When contributing to hierarchical 
competition, local functional distribution patterns will tend towards a value giving maximal 
competitive advantage irrespective to the environmental value of the community leading to a 
departure between CWM values and topt. In plant communities, the imprint of plant height can 
follow such patterns since this functional trait is strongly related to competition for light 
(Givnish!1982,!King!1990,!Violle!et!al.!2009). When contributing to limiting similarity, CWM 
may display inferior values than topt because of the functional differences between species. 
Therefore, having a good estimation of topt when looking at CWM should occur only when the 
trait contributes to the growth. 
CWM can be related to different coexistence components. This complexity advocates 
to study the community assembly of species through demographic approaches taking into 
account several coexistence mechanisms (the vital rates approach described in Laughlin and 
Messier (2015)). Mathematical simulations derived from our model enable us to describe 
population dynamics in presence or absence of interspecific and intraspecific competition. 
Additionally to these different parameter values and to the contributions of traits to each 
coexistence mechanism, correlations between functional traits should play an important role in 
the evaluation of the trait-environment relationships. Each of these levels of analyses will lead 
to distinct CWM ~ Environment relationships that can be compared to the expected relationship 
determined by our model’s parameters. Using mathematical simulations provides an approach 
that is carefully controlled, suitable for complex treatments and extensive replications. We 
aimed to identify the influence of the intensity of distinct ecological processes on trait-driven 
community assembly, and to describe how these can lead to differences between numerically 
described relationship between traits and the environment and the relationship estimated using 
CWMs. This in turn should guide future evaluation of natural communities. 
 
Material & methods 
Patch population model 
Our framework is based on the Beverton-Holt competition model (Beverton and Holt 
1957). It defines the temporal dynamics of a species population size, based on its growth rate 
and biotic interactions limiting growth as in the following equation: 
(1)     9RV-@"@W = XY@Z×*M@Y@Z-V[×\Y  
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with Nt+1,i,x the abundance of species i in patch x at time t+1, Ri,x the growth rate of 
species i in patch x, A the constant for the intensity of interspecific competition and αi the 
competition coefficient for species i. Here we extend the original model to further incorporate 
intraspecific competition, where B is the constant for intraspecific completion, 
(2)     9RV-@"@W = XY@Z×*M@Y@Z-V[×\YV]×*M@Y@Z 
 
Determinants of population growth rate 
In the original Beverton and Holt model, positive growth rates depend on how a species 
is adapted to the local environment. Here we also address how the grow rate varies across 
species depending on a competitive hierarchy. We therefore decompose the numerator of 
equation (1) into an environmental component and a hierarchical competition component, 
(3)     ^"@W = ^"@W@_`a E ^"@W@b"_cdc6b 
 
Ri,x,env is defined as a Gaussian curve depending on how a species functional trait is close 
to a local, 
(4)     ^"@W = / ef × & × Pg2hiJMY@jiMZO²UkZU lmf,-  
with ti the trait value of species i, tx the optimal trait value in the environment of patch 
x and lx² the strength of the environmental filter in patch x. The influence of environmental 
filtering is summed over all traits T, weighted by each trait contribution wg. 
Thus the closest are the trait values contributing to species growth rate to the respective 
optima, the higher is the growth rate.  
The hierarchy can benefit species having a certain trait value while disadvantaging 
species at the opposite side of the trait range (Navas!and!Violle!2009). 
 
We now define the term related to hierarchical competition as, 
(5)     ^"@W@b"_cdc6b = n/ eb × FopI"@bqmb,-  
 
with wh the weights of traits contributing to hierarchical competition over all traits T and 
fH() the hierarchical function adjusting the importance of hierarchical traits. In our model we 
set this term such as highly competitive species get a bonus of growth and lowly competitive 
species are negatively affected. The boundaries of our threshold are set such as the term after 
H is scaled between minus one and one, so that the overall effect of hierarchical competition is 
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scaled by H. To achieve this behavior we used the following definition of hierarchical 
competition: 
(6)     ^"@W@b"_cdc6b = n/ eb × RY@rQ8"`ApRY@rq8dWpRY@rqQ8"`ApRY@rq × B # 1mb,-  
 
Limiting similarity and interspecific competition 
 Interspecific competition in the denominator of equation (1) can depend on 
limiting similarity, that is, on how species are functionally close to one another, 
 (7)     s" = / 9R@3@W × t"3u3,-@35"  
with sij the functional similarity between species i and j. The denominator of equation 
(1) therefore increases when species i and j are functionally closer and as j is more abundant.  
The limiting similarity component is more specifically defines as: 
(8)     v"3 = w/ e6 × pI"@6 # I3@6q)m6,-  
 
with δij the functional dissimilarity coefficient between species i and j corresponding to 
the Euclidean distance between the trait values of species contributing to limiting similarity 
over all traits T weighted by their contribution to this coexistence process wc. To compute 
limiting similarity we develop the link between sij and δij such as: 
(9)     t"3 = >Cgpv"3q # v"3@ t"" = xyGz{1@ }~ 
with S the number of species. Distances are finally rescaled between 0 and 1. 
 
Dispersal limitation 
Equation (1) represents local assembly dynamics without immigration. We considered 
the influence of immigration across 25 communities connected by dispersal (Leibold et al. 
2004). At each time step, a proportion d of individuals of a given patch moves randomly towards 
the other communities. Each patch has therefore a proportion d of emigrates and receives 
24*(d/24) immigrates from the 24 other patches. This dispersal parameter is defined by the 
following equation: 
(10)     .R@"@W = #9R@"@W E  / *M@Y@US)  
 
Finally, a detailed form of the equation of population dynamics with the effects of 
environmental filtering, hierarchical competition, limiting similarity, intra-specific competition 
and dispersal is: 
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(11)  9RV-@"@W = 

 / j×_W4
iJMY@jiZO²UkZU jS Vo/ rrS MY@riYApMYqZpMrqiYApMrq×)Q-

×*M@Y@Z
-V[/ p8dWpYqQYqS@Y ×*M@@ZV]×*M@Y@Z E .R@"@W 
 
Trait contribution scenarios 
Depending on the contribution of each trait to each process (i.e., wg, wh, wc) we could 
expect different CWM~Environment patterns. We thus simulated two traits for each species 
and tested all the possible scenarios where the first trait contributed to growth, hierarchical 
competition and limiting similarity to 0%, 50% and 100% and the second trait would contribute 
to the rest. For example in the scenario where the first trait would contribute at 50% to growth 
(wg,1 = 0.5), 0% to limiting similarity (wc,1 = 0) and 100% to hierarchical competition (wh,1 = 
1), the second trait would contribute to each process so that the sums of the contributions for 
all traits should be equal to one (Σwg = 1, Σwc = 1 and Σwh = 1) thus the second trait contributed 
50% to growth (wg,2 = 0.5), 100% to limiting similarity (wc,2 = 1) and 0% to hierarchical 
competition (wh,2 = 0). In total we tested all possible combinations when the first trait 
contributes to 0%, 50% or 100% to each process and the second trait contributes to the rest, 
which gives 27 scenarios in total. 
 
Range of parameters explored and initial conditions 
Because we expected different CWM~Environment relationships depending on the 
intensity of each process we explored a wide range of values for each parameter (Table 1). We 
explored each combination of parameters across the 27 trait contribution scenarios we 
mentioned above. Because the traits are known to be correlated and this may affect species 
response to community assembly mechanisms, we generated sets of traits that showed no 
correlation, a moderate positive correlation (Pearson’s r = 0.3) and a moderate negative 
correlation (Pearson’s r = -0.3). With fixed parameter values, our model is perfectly 
deterministic, the only stochasticity comes from the set of traits used for each species. Therefore 
for a given trait correlation level we simulated 30 sets of traits. 
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Table 1. Parameters values used in the simulations. 
Parameter Signification Values used in simulations 
d Dispersal 5% 
k Growth rate scalar [1.2, 1.5] 
A Limiting similarity scalar [0, 10-6, 10-5, 10-4] 
B Intra-specific competition scalar [0, 10-4, 10-3, 10-2] 
H Hierarchical competition scalar [0, 0.5] 
l Standard deviation of the Gaussian 
environmental function 
2 
 
We simulated 100 species across 25 patches, we trait values ranging between 1 and 25, 
with initial population of 50 individuals of each species in all patches. The optimal trait value 
across patches increased linearly from 1 in patch 1 to 25 in patch 25. 
We explored species coexistence across the full range of parameter values (Figure S1), 
but focused on a single set of parameters with medium species coexistence (k = 1.2, A = 10-4), 
B = 10-2, H = 0.5) to show the influence of varying trait contributions on the CWM ~ 
Environment relationship (Figure 2). 
 
Results  
Effect of the intensity of ecological processes on species coexistence 
The parameter space explored (Table 1) revealed zones where species can coexist 
(Figure S1). In the richest patches, 60 species out of 100 coexisted. Increasing the hierarchical 
competition intensity H, limiting similarity intensity A and the intraspecific competition 
intensity B decreased species richness. Contrarily, increasing the species growth rate k led to 
higher species richness. Based on this parameter exploration, we used sets of parameters with 
intermediate values of species richness to design the CWM ~ Environment relationships. 
 
CWM ~ Environment relationship 
When computing CWM in different scenarios, we observed that the higher the 
contribution of trait to growth, the closer the CWM from the theoretical expectation under the 
sole influence of the environmental filtering (Figure 2). The higher the contribution of trait to 
hierarchical competition the less correlated the CWM is with optimal trait values across the 
environment, with the CWM being globally higher. The contribution on limiting similarity has 
no effect on the CWM ~ Environment relationship.  
We observe similar patterns when instead of looking at the influence of trait contribution 
to each process we show the influence of the intensity of each process on the CWM ~ 
Environment relationship (Figure S2). Increasing the absolute value of H leads to higher CWM 
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values irrespective to the environmental value in an intermediate scenario where the trait 
contributes for 50% to each mechanism. Increasing k leads to growth of more species per patch 
and to less steep CWM ~ Environment relationships. When increasing k, more species can grow 
even if they are further away of the optimal trait value, thus this blurs the CWM ~ Environment 
relationship. Increasing the limiting similarity A value has barely no effect. 
Trait distribution in three different scenarios is displayed in Figure S3. Strong 
contribution to limiting similarity did not shift the CWM value along the environment but led 
to several functional modes among patches.  
Positive correlation between a trait that did not contribute to the environmental growth 
and a trait contributing to it entailed a positive CWM ~ Environment relationship for the former 
trait (Figure S4). Conversely, a negative relationship was found when the correlation between 
traits was negative. 
 
Discussion 
Trait ~ environment relationships at the scale of the community are classically used to 
determine the adaptiveness value of a functional trait along environmental gradients (Cornwell 
and Ackerly 2009). However, this approach has recently been criticized for not linking directly 
the trait of species with their local growth rates (Laughlin et al. 2018). The core of this critic 
lies on the fact that competitive interactions more than environmental fitting may regulate the 
abundances of species (Fox 2012). Furthermore depending on whether competitive interactions 
consist of limiting similarity and/or hierarchical competition we expect distinct abundances 
patterns. Studying the links between abundances and trait of species implies to identify the 
mechanisms of coexistence functional traits contribute to (Herben and Goldberg 2014). In this 
article, we built a model answering two critical questions relative to the causes of coexistence 
and to the role of functional traits. 
Our model answers recent calls of merging frameworks of population ecology and 
functional ecology (Salguero-Gómez et al. 2018). Indeed, we related the dynamics of species 
to three coexistence mechanisms, environmental filtering, limiting similarity and hierarchical 
competition, known to entail distinct local functional patterns (Spasojevic and Suding 2012). 
Additionally, we could manipulate the trait contribution to each of these processes so as to test 
the outcome on local diversity patterns. The influence of a trait into multiple processes led to 
an important variability in the CWM ~ Environment relationships. When the trait was 
contributing to the sole environmental filtering and was not correlated with other traits, these 
relationships constituted a good estimator of the adaptiveness value of the trait. However, 
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contributions to hierarchical competition led to departure of the expected relationship of CWM 
along the entire environmental gradient. This is due to the fact that hierarchy implies that certain 
trait values can lead to greater growth rates no matter the environmental fitting of the species, 
as it was hypothesized for vegetative heights in plant species (Givnish 1982) and more generally 
for traits related to productivity (Grime 2006, Swenson and Enquist 2009). Hierarchical 
competition can in this line be thought as a directional filtering superimposing to the Gaussian 
environmental filtering (Loranger et al. 2018). When a trait contributes to both environmental 
filtering and hierarchical competition, the implicit link between species abundances and 
functional distance to the local optimality drawn by the environment is therefore broken, which 
leads to weak CWM ~ Environment relationships.  
Although we implemented limiting similarity following the theoretical background of 
(MacArthur and Levins 1967), its influence on CWM variation was extremely weak in our 
model. This stabilizing process limited the growth of every species and decreased the number 
of coexisting species, but did not affect the nature of the CWM ~ Environment relationships. 
Therefore, the ranking of abundances of species was not affected by neither the limiting 
similarity absolute value nor by the trait contribution to it. As trait range within community 
remains constrained by the environmental filtering, limiting similarity therefore promotes local 
functional evenness around the functional mean in a symmetrical way. Moreover, limiting 
similarity did not promote coexistence of species in our model as expected by the literature 
(Tilman!and!Pacala!1993). As species were competing on one or two functional dimensions, 
limiting similarity was segregating species and excluding intermediate functional values. This 
led to the maintenance of species falling into the range imposed by the environmental filtering 
and sufficiently distant from each other. As a result, limiting similarity cannot promote species 
richness (May!and!Mac!Arthur!1972). One important synthesis on limiting similarity takes 
back to Abrams (1983) and our results advocate for exploring different implementations and 
conceptualization of this concept essential to ecological theories of coexistence. Non-linear 
distances between species could for example reinforce the effect of limiting similarity on 
coexistence. 
An important consideration with observed functional patterns relates to the correlation 
between traits. Indeed, considering multiple traits as well as their correlations should relate to 
the local performance more than individual traits (Laughlin and Messier 2015). We showed that 
positive or negative correlations between traits can entail the existence of CWM ~ Environment 
relationships even when the trait considered does not contribute to the environmental growth 
component. This effect enhances the importance of drawing high-dimensional phenotypic space 
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to uncover the rules of trait variations within organisms (Díaz et al. 2016). Other processes 
potentially affecting CWM values were not considered in our model. Therefore, the explicit 
role of spatial dispersion was not studied, even though a dispersal component linking every 
community to the other ones was included. Dispersal limitation (Mouquet!and!Loreau!2002) 
and mass-effects (Leibold et al. 2004) could indeed prevent the best adapted species from being 
present in a patch and therefore affect the CWM values. Similarly, the model we used is entirely 
deterministic and neglects the influence of stochasticity (Hubbell 2001). No external species 
pool was explicitly modeled and every species was present at the same initial abundance, 
preventing the appearance of any priority effect known as potential factor acting on trait 
distributions (Fukami 2015). Incorporating several metacommunities and external regional 
pools of species providing immigrants to one or several metacommunities, according a regional 
or environmental structuration, could give useful insights into the CWM~Environment 
response to regional dynamics. We also tried to limit the effect of functional edges in our species 
range as they can affect CWM values (Denelle!et!al.!2019) by adjusting the ratio between the 
environmental filtering strength and the global trait range. However, some truncation effect 
may be involved in the communities at the extremes of our environmental gradient. Finally, no 
environmental fluctuations in space nor time was involved even though they can play on the 
capacity of species to rapidly adapt to local conditions (Leibold et al. 2019) and to drive 
successional dynamics associated to biotic changes of the environmental optimum (Laland et 
al. 1999), and therefore influence coexistence. Despite these limitations, we manage to maintain 
stable coexistence of several species. We believe that our model gives interesting insights about 
the generalization of trait ~ environment relationships (Forrestel et al. 2017). We illustrated that 
the pivotal component relates to the contribution of traits to the distinct coexistence 
mechanisms. Across biogeographical areas, this contribution can switch from pure 
environmental fitting to a competitive feature and thus entail different relationships. 
 
Conclusion 
We constructed a model allowing explicit assessment of functional traits contribution 
to three classical coexistence mechanisms: environmental filtering, limiting similarity and 
hierarchical competition. Although theoretical, this work is based on classical hypotheses of 
ecology and extends the coexistence and population dynamics frameworks towards trait-based 
ecology. Inferring the contribution of one trait to distinct mechanism may be complicated to 
establish because of the number of parameters involved and the high-dimension of replications 
that would be needed. Confronting functional diversity patterns derived from our model to real 
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data through Approximate Bayesian Computation may overcome these experimental limits and 
enable ecologists to infer both the relative influences of distinct coexistence mechanisms and 
the role of functional traits into community assembly (Munoz et al. 2018). 
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Figures 
 
Figure 1. Dependency of the CWM ~ Environment relationship to the trait contribution to coexistence 
mechanism. The main plot of the figure opposes the aggregated functional mean of communities in 
comparison with their environment. For each environment, the local functional optimum topt, giving 
maximal performances to species having trait close to it, varies as it is represented in the plot in the 
upper left corner. The dashed line corresponds to a situation where the trait used to compute the CWM 
contributes fully to the environmental fitting. In this case, the CWM should vary linearly with the 
environment and the local functional distribution should follow a Gaussian law. However, if the trait 
contributes to limiting similarity, local diversity pattern will entail functional differentiation between 
species, potentially leading to inferior value of CWM. Contrarily, if the trait contributes to hierarchical 
competition, CWM will tend towards high value irrespective to the environmental gradient. 
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Figure 2. Relationships between the Community Weighted Mean (CWM) and the Environmental 
gradient in function of the trait’s contribution to the coexistence mechanisms. 
The black dashed line represents the perfect match between functional traits and the environmental 
values of the patches. Columns correspond to a variation of the contribution to the limiting similarity, 
from 0 to 100%. Rows correspond to the contribution to the environmental growth. Colors represent the 
contribution to the hierarchical competition term. 
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Appendices 
 
 
Figure S1. Coexistence in function of the space parameterThe gradient of color defines the number of 
species richness (SR) averaged across all the patches in function of two parameters among the maximal 
growth rate k, the limiting similarity A, the hierarchical competition H and the intraspecific competition 
B. For a given plot, the values are averaged regarding the two parameters not displayed. 
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Figure S2. CWM ~Environment relationships in function of the parameter values 
The dashed black line represents the theoretical expectation under the sole influence of the 
environmental filtering. Facets of the plot represent the different values of the parameters. Variation in 
color regards the two values of the hierarchical competition H. 
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Figure S3. Histogram of trait distribution in function of scenarios 
Each line corresponds to a scenario where the trait contributes only to one of the three coexisting 
mechanism. In the first line, the functional trait contributes to the environmental growth (R100), in the 
second row the trait only contributes to limiting similarity (R0A100H0) and in the third row; the trait 
only contributes to the hierarchical competition (R0A0H100). The vertical dashed blue lines represent 
the CWM value in each case. The three columns respectively correspond to the patches 1, 13 and 25. 
The set of parameters is identical for the three scenarios. 
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Figure S4. Influence of correlation between traits on CWM ~ Environment relationships 
The dashed line represents the optimal trait value in a given environment. In this case, the trait does not 
contribute to the environmental growth term (scenarios R0). The colors define the correlation , either -
30%, 0% or 30%, of the focal trait with another trait fully contributing to the environmental growth. 
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1. Qu’est-ce que l’optimalité ? 
1. Un trait pour les gouverner tous ? 
D’un point de vue sémantique, l’optimalité est une notion issue de la théorie des jeux, 
où la structuration de choix est le fruit d’analyses coût-bénéfice (Rapport et Turner 1977), 
utilisée notamment en écologie évolutive. L’optimalité décrit alors les structurations 
phénotypique et génotypique des espèces comme étant le résultat de la sélection naturelle 
(Parker et Smith 1990). Une utilisation plus proche de l’optimalité de celle mise en avant dans 
ce mémoire fut apportée par Eagleson (1982) dans sa description des paramètres relatifs à la 
structure de la végétation maximisant l’utilisation de la ressource hydrique. Dans cette thèse, 
l’optimalité est relative aux conditions environnementales locales mais est pensée d’un point 
de vue plus intégrateur. Nous définissons l’optimalité comme étant la combinaison d’aptitudes 
physiologiques associée à la plus grande performance locale d’un individu. Cette définition se 
rapproche ainsi des paysages adaptatifs locaux. Les aptitudes physiologiques sont représentées 
par des valeurs de traits fonctionnels. L’idée centrale est, qu’en tout point de l’environnement, 
une ou plusieurs combinaisons de valeurs de traits fonctionnels est/sont associée(es) à une 
performance maximale des individus. Une performance maximale correspond, d’un point de 
vue démographique, à une maximisation des taux de croissance et de reproduction et à une 
minimisation du taux de mortalité. Elle se traduit par des abondances relatives élevées à 
l’échelle de la communauté (Shipley et al. 2006). La hiérarchie d’abondances relatives dans 
une communauté est issue de l’adéquation entre les valeurs de traits fonctionnels des individus 
et les différentes composantes abiotiques de la communauté. La maximisation de la 
performance locale correspond au produit des maximisations de performance sur chacune des 
relations trait ~ environnement structurant la communauté (Figure 1). C’est donc ce produit qui 
définit l’optimalité fonctionnelle locale topt, cette dernière étant alors multidimensionnelle.  
Au sein d’une communauté, les variables environnementales abiotiques qui structurent 
la performance des individus sont multiples. L’enjeu est de trouver les variables les plus 
contraignantes, c’est-à-dire celles qui sont associées aux variations de performance les plus 
abruptes (Figure 1). Ceci se rapproche du cadre défini par Tilman (1985) où la caractérisation 
de la coexistence au niveau local implique d’identifier la vitesse de consommation des 
ressources par les espèces présentes et donc la ressource la plus limitante. Pour une relation trait 
fonctionnel ~ environnement donnée, la fonction de performance est généralement pensée 
comme étant centrée autour d’un optimum et la décroissance de performance autour de 
l’optimum définit l’importance de l’adéquation entre le trait fonctionnel et la variable 
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environnementale considérée. Dans les milieux extrêmes, le couple trait fonctionnel et variable 
environnementale le plus structurant apparaît évident. Au sein d’environnements plus 
contrastés, les variations de performance sont plus intégratives et reliées à plusieurs dimensions. 
 
Figure 1. Représentation schématique de l’optimalité fonctionnelle fondamentale dans une 
communauté. Deux variables environnementales symbolisent ici la disponibilité en ressource 
lumineuse et hydrique au niveau d’une communauté. La performance locale associée à certaines 
valeurs de traits fonctionnels est représentée par des courbes Gaussiennes. Ces courbes projetées sur 
un espace bidimensionnel résultent en un paysage de performance locale, représenté par un contraste 
de noir. L’optimalité fonctionnelle peut ainsi être dérivée au regard de chaque gradient 
environnemental. L’optimalité fonctionnelle fondamentale est le produit des deux optimalités 
fonctionnelles pour chacune des deux valeurs environnementales. 
 
L’optimalité fonctionnelle théorique topt correspond donc à une situation où un individu 
présenterait une combinaison de valeurs de traits égale à un optimum multidimensionnel. 
Néanmoins, les contraintes environnementales au sein d’une même communauté peuvent 
rendre cet absolu impossible à atteindre et l’optimalité fondamentale se définira comme étant 
le produit maximal des performances. De même, du fait de contraintes évolutives, les traits 
fonctionnels des individus ne se distribuent pas tous de manière complètement normale et 
indépendante des autres traits fonctionnels (Díaz et al. 2016), rendant certaines combinaisons 
impossibles. L’optimalité fonctionnelle locale topt fondamentale est donc le produit maximal 
des performances réalisables selon les contraintes de co-variations entre traits fonctionnels et 
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des directions de sélection imposées par l’environnement (Laughlin et Messier 2015). Il est à 
noter que dans le cas où les filtres environnementaux agissant au niveau local seraient 
indépendants les uns des autres, l’optimalité fonctionnelle locale serait définie par la somme 
des performances réalisées. La nature multiplicative ou additive des filtres environnementaux 
reste largement ignorée par la littérature. 
 
2. Le CWM : un outil d’estimation de l’optimalité fonctionnelle locale 
Une ambition de l’écologie fonctionnelle est de prédire l’abondance d’une espèce dans 
un environnement donné à partir de ses valeurs de traits (Lavorel et Garnier 2002, Shipley et 
al. 2006), ce qui revient à identifier l’optimalité fonctionnelle locale. Il est ici à noter que 
l’optimalité fondamentale est pensée uniquement via l’influence des composantes abiotiques. 
L’influence des interactions biotiques, qui mène à une optimalité locale réalisée, sera détaillée 
dans les parties suivantes. La moyenne fonctionnelle locale pondérée par les abondances, ou 
Community Weighted Mean CWM, renseigne sur les valeurs de traits prises par les espèces les 
plus abondantes à l’échelle de la communauté. Chaque valeur de trait mesurée peut mener à 
une valeur de CWM et donc à une composante de l’optimalité fondamentale. Néanmoins, 
certains CWMs ne seront absolument pas informatifs dans le sens où aucune variation le long 
de l’environnement ne serait détectée. Identifier la composante la plus structurante (Figure 1) 
impose donc de comparer les CWMs de plusieurs communautés entre eux et de les localiser le 
long d’un gradient environnemental. De cette manière, les relations CWM ~ Environnement 
permettent de vérifier deux propriétés essentielles : i) si le trait considéré est fortement lié à une 
variation de performance des individus le long du gradient considéré et ii) si l’optimum associé 
se décale le long du gradient. Dès lors quatre cas de figure extrêmes peuvent se produire (Figure 
2). Caractériser l’optimalité fonctionnelle locale consiste à identifier les cas où la valeur du 
CWM change le long d’un gradient environnemental et où le coefficient de détermination de 
cette relation traduit une faible variation autour de la droite de régression. Le premier article du 
premier chapitre a permis d’identifier des relations de cette nature dans les communautés 
prairiales françaises avec des traits foliaires changeant de valeur le long d’un gradient de 
nombre de jours de croissance. Cet article a ainsi illustré l’importance d’identifier le couple 
environnement ~ trait fonctionnel le plus structurant. 
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Figure 2. Exemples de relations trait ~ environnement au niveau de la communauté. 
Trois communautés se structurent ici selon un gradient de disponibilité en ressource hydrique. Quatre traits 
fonctionnels induisent des performances maximales et des décroissances de performance différentes selon 
la disponibilité en ressource hydrique. Transposées à l’échelle du gradient environnemental, ces propriétés 
entraînent des relations CWM ~ Environnement contrastées. Les valeurs de CWM sont représentées sur 
les graphes CWM ~ Environnement par le figuré de la disponibilité en ressource hydrique. Le gradient 
noir correspond au nombre potentiel de communautés en un point du graphique CWM ~ Environnement. 
 
À une échelle spatiale plus large, appelée échelle régionale, une forte autocorrélation 
spatiale structure certains gradients environnementaux, entraînant une autocorrélation spatiale 
des optimalités fonctionnelles locales. Cette structuration à large échelle spatiale induit 
l’existence de changements plus ou moins abrupts de composition fonctionnelle le long des 
gradients environnementaux entraînant par-là même l’existence d’ensembles d’espèces 
similaires fonctionnellement (de Bello et al. 2012, Violle et al. 2014). Dans le deuxième article 
du premier chapitre, nous avons illustré comment identifier de tels ensembles via l’étude des 
propriétés topologiques des réseaux d’occurrence des espèces dans les communautés. Nous 
avons également illustré l’importance de l’histoire biogéographique dans la structuration 
régionale des ensembles d’espèces (Carstensen et al. 2013), certains ensembles étant 
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majoritairement constitués d’espèces recolonisant leurs niches suite à des perturbations 
climatiques passées (Svenning et Skov 2007). 
 
3. Quelle influence des distributions régionales des traits fonctionnels ? 
L’histoire biogéographique et les limites physiologiques des traits des espèces 
contraignent la distribution fonctionnelle à l’échelle régionale. Le troisième article du premier 
chapitre (Denelle et al. 2019) illustre comment ces limites fonctionnelles impliquent un 
décalage entre le CWM et l’optimalité fonctionnelle locale. À partir d’un modèle d’assemblage 
des communautés qui intègre cette composante régionale de la biodiversité et d’une inférence 
Bayésienne des paramètres d’assemblage, nous avons montré comment estimer sans biais 
l’optimalité fonctionnelle locale induite par le filtre environnemental, ainsi que la variance 
associée à la fonction Gaussienne de décroissance de la performance. 
Les différentes révisions de l’article ont soulevé de nombreuses questions sur la nature 
des limites fonctionnelles de l’ensemble régional et de ce qu’elles impliquaient. L’idée centrale 
est que les gradients environnementaux peuvent sélectionner des valeurs de traits qui ne sont 
pas disponibles dans l’ensemble régional. Ainsi, les gradients environnementaux majeurs se 
définissent en fonction de contraintes physiques et climatiques et s’étendent dans des gammes 
de valeurs où même les espèces extrêmophiles ne peuvent s’implanter. Les zones polaires ou 
de très hautes altitudes sont ainsi dépourvues d’espèces de plantes du fait des contraintes 
extrêmes dues au nombre de jours de gel. Les valeurs de traits fonctionnels qui pourraient 
permettre l’établissement et le maintien d’espèces dans ces zones n’existent pas du fait de 
contraintes physiologiques. À mesure que l’on se rapproche de gammes environnementales 
intermédiaires, les valeurs de traits fonctionnels permettant la survie d’espèces recouvrent un 
nombre de plus en plus important d’espèces. Aux extrêmes de gradients environnementaux, on 
a donc une gamme de traits fonctionnels observables limitée, et c’est cette limitation qui est à 
l’origine des biais d’estimation des paramètres du filtre environnemental mis en évidence dans 
le premier chapitre. 
L’article associé à ce chapitre (Denelle et al. 2019) ainsi que les études de Spasojevic et 
al. (2018) et de Patrick et Brown (2018) appellent à préciser l’influence de la distribution 
fonctionnelle de l’ensemble régional sur l’assemblage des communautés locales. Ces travaux 
soulèvent en effet de nombreuses questions classiquement étudiées sous l’angle taxonomique 
et qui peuvent bénéficier des apports de l’écologie fonctionnelle. Un pan important de la 
littérature a ainsi statué sur la saturation en espèces des communautés locales à partir de 
l’échelle régionale (Loreau 2000). La présence d’une saturation fonctionnelle locale peut 
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également indiquer l’existence de mécanismes de filtrage environnemental en faveur de valeurs 
particulières de traits fonctionnels. De même, l’étude des relations entre la diversité 
fonctionnelle locale et régionale pourrait faire état de transitions spatiales entre différentes 
zones biogéographiques à l’instar des relations entre la diversité taxonomique et l’aire d’étude 
(Storch et al. 2012). La caractérisation fonctionnelle régionale doit également incorporer une 
information sur la fréquence des différentes valeurs de traits. Une des limites de l’étude des 
influences fonctionnelles régionales du premier chapitre relève ainsi de la distribution uniforme 
des valeurs de traits dans cet ensemble régional. Cette hypothèse apparaît relativement forte 
dans la mesure où la représentation des différentes valeurs de traits doit être marquée par un 
filtrage environnemental agissant à large échelle. 
Par ailleurs, l’estimation de l’optimalité par le CWM est liée au postulat fort de la 
fonction du filtre environnemental. Cette dernière est classiquement conceptualisée comme 
suivant une distribution Gaussienne. En revanche, d’autres fonctions de décroissance peuvent 
être imaginées et ainsi affecter les relations CWM ~ Environnement et donc l’estimation de 
l’optimalité fonctionnelle locale. Loranger et al. (2018) ont ainsi démontré que des filtres 
environnementaux directionnels et disruptifs pouvaient mener à des compositions 
fonctionnelles locales différentes de l’attendu Gaussien. Ce type de fonction a été observé sur 
des communautés naturelles (Le Bagousse-Pinguet et al. 2017, Rolhauser et Pucheta 2017). 
Tester plusieurs fonctions permet de renforcer ou d’infirmer l’utilisation du CWM comme 
estimateur de l’optimalité fonctionnelle locale, ce dernier étant par exemple à proscrire dans le 
cas de filtres à plusieurs modes non symétriques. 
L’ensemble de ces questionnements s’intéressait ainsi à une optimalité fonctionnelle 
locale uniquement induite par la composante abiotique du filtrage des espèces. Néanmoins, les 
interactions biotiques et les processus neutres sont primordiaux dans la réalisation, et donc 
l’estimation, de cette optimalité locale. 
 
2. Optimalités fondamentale et réalisée 
1. Interactions biotiques et motifs de diversité 
La niche environnementale est un concept central de l’écologie défini par Hutchinson 
(1957) comme l’hypervolume environnemental dans lequel une espèce peut se maintenir et se 
reproduire. Cette niche se décline sous deux formes, une forme potentielle correspondant 
uniquement aux contraintes abiotiques agissant sur l’aire de répartition d’une espèce, et une 
niche réalisée prenant notamment en compte les interactions biotiques (Whittaker et al. 1973) 
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et l’influence de la dispersion limitée (Pulliam 2000). La compétition pour certaines ressources 
peut ainsi restreindre l’espace environnemental dans lequel peut se maintenir une espèce 
(Vetaas 2002). Les interactions biotiques au sein d’une communauté influencent les capacités 
de colonisation, de maintien et de reproduction des espèces, et affectent la valeur fondamentale 
de topt représentant l’influence du seul filtre environnemental. Cette influence laisse sous-
entendre que la caractérisation du filtre environnemental ne peut se faire que via des approches 
expérimentales, où les espèces ne subissent ou ne bénéficient pas de la présence d’autres 
espèces (Kraft et al. 2015b). La difficulté de ces approches a abouti à un questionnement récent 
sur la faisabilité de l’inférence des paramètres du filtre environnemental (Cadotte et Tucker 
2017). Le topt inféré par méthode bayésienne avec le modèle d’assemblage des communautés 
ecolottery (Munoz et al. 2018) permet de caractériser de manière mécaniste une optimalité 
fonctionnelle réalisée selon un filtre environnemental. 
Dans le troisième article du troisième chapitre, nous avons construit un modèle de 
dynamique de populations permettant d’évaluer la contribution d’un trait fonctionnel à trois 
mécanismes de coexistence: (i) la variation de taux de croissance causée par un filtre 
environnemental, (ii) la limite à la similarité, et (iii) la compétition hiérarchique. Nous avons 
montré que lorsque le trait considéré contribuait à la compétition hiérarchique, le CWM était 
largement modifié et ne correspondait plus à l’attendu sous le seul filtre environnemental. Ceci 
démontre le fait que CWM représente une optimalité fonctionnelle locale réalisée et non 
fondamentale. L’influence de la limite à la similarité en revanche, telle que conceptualisée dans 
la littérature (Abrams 1983), ne semble affecter que très légèrement le CWM. Ce modèle, bien 
que non exhaustif dans les dynamiques écologiques qu’il modélise, permet de prendre en 
compte un aspect essentiel de l’écologie fonctionnelle : la contribution des traits à des 
mécanismes différents de coexistence. Cet aspect est fondamental bien que rarement établi 
(Herben et Goldberg 2014, Reich 2014, Kraft et al. 2015a). Notre modèle autorise également 
la coexistence de multiples espèces dans une communauté, ce qui contraste avec la plupart des 
modèles de coexistence n’aboutissant qu’à la coexistence d’un nombre limité d’espèces 
(Tilman 1982, Calcagno et al. 2006, Leibold et al. 2019). D’autres hypothèses pourront être 
testées avec ce modèle, mais la question centrale reste comment inférer la contribution d’un 
trait fonctionnel à un mécanisme précis à partir de l’observation de communautés réelles. Ce 
type d’évaluation permettrait de vérifier le réalisme de la formalisation des dynamiques de 
populations à l’échelle locale dans notre modèle (Levins 1966). 
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2. Liens entre l’optimalité et la spécialisation écologique 
Le mécanisme de compétition hiérarchique tel que présenté dans la littérature (Mayfield 
et Levine 2010) et formalisé dans notre modèle implique que des composantes de l’optimalité 
fonctionnelle réalisée soient communes en tout point d’un gradient environnemental. Ainsi, les 
capacités compétitrices des individus, notamment de compétition pour la ressource lumineuse 
chez les plantes (Givnish 1982, King 1990), induisent des valeurs de traits fonctionnels 
identiques dans plusieurs environnements. Ceci correspond dès lors à un filtrage directionnel 
se surimposant aux filtres environnementaux agissant par ailleurs. L’existence de ce type de 
filtres impose que certaines espèces compétitrices puissent s’établir et se maintenir dans de 
nombreux environnements contrastés (Pitman et al. 2001). L’article du deuxième chapitre 
consacré à la spécialisation écologique a ainsi montré que les espèces généralistes, présentes 
dans une grande variété de contextes, étaient en moyenne plus hautes et avaient de plus larges 
surfaces foliaires. En revanche, ces espèces généralistes avaient de plus faibles abondances 
locales que les autres espèces, appuyant ainsi l’hypothèse d’un compromis entre le caractère 
généraliste et la performance locale formalisée par MacArthur et MacArthur (1961), et étaient 
fonctionnellement plus éloignées du CWM de leur communautés que les autres espèces pour 
certains traits. Cet aspect peut être rattaché aux conclusions tirées du modèle fdcoexist du 
troisième chapitre, à savoir que le CWM représente à la fois une optimalité induite par 
l’environnement et par les interactions biotiques. Sur les traits de compétition, le CWM peut 
ainsi être tiré vers une certaine valeur par l’environnement abiotique tandis que les espèces 
compétitrices expriment des valeurs de traits différentes dans le cadre d’un filtre directionnel 
lié à la compétition hiérarchique. À l’inverse, les espèces spécialistes ont des valeurs 
fonctionnelles associées aux contraintes particulières de leur contexte écologique. Les 
contraintes environnementales majeures associées à ces contextes différent mais certains traits 
fonctionnels peuvent répondre de manière similaire. Ainsi, les traits foliaires relatifs à la 
conservation des ressources peuvent tendre vers des valeurs communes en fonction du nombre 
de jours de gel ou de sécheresse. Nous avons ainsi conclu que les espèces spécialistes étaient 
davantage tolérantes aux stress physiologiques induits par l’environnement, confirmant les 
résultats d’une autre étude (Boulangeat et al. 2012). En revanche, il conviendrait de poursuivre 
l’étude du lien entre spécialisation écologique et traits fonctionnels avec d’autres traits 
répondant différemment aux contraintes des différents ensembles régionaux de diversité. En 
effet, la notion de stress a déjà fait l’objet de larges critiques du fait de son caractère trop 
intégrateur (Harper et Newman 1982). Un stress peut recouvrir de nombreuses formes et être 
associé à de multiples causes et il convient donc de le détailler plus finement. De même, une 
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étude de la spécialisation écologique plus poussée bénéficierait de données fonctionnelles 
intégrant de la variabilité intra-spécifique. Le réseau de cooccurrence serait toujours établi au 
niveau de l’espèce mais la métrique de spécialisation pourrait alors prendre en compte la 
variation intra-spécifique de chaque espèce. Ceci permettrait notamment de vérifier si la 
capacité d’être généraliste est positivement reliée à la variabilité intra-spécifique d’une espèce 
(Darwin 1991, Sides et al. 2014, Fajardo et Siefert 2019). 
La question de l’identification des espèces fonctionnellement distantes de l’optimalité 
fonctionnelle locale appelle également à étudier les liens entre la rareté taxonomique et 
fonctionnelle des espèces (Violle et al. 2017). En effet, le maintien des espèces rares dans les 
communautés constitue une question conceptuelle majeure et reste non résolue. Ce maintien 
pourrait être issu d’une distance fonctionnelle proche de l’optimalité sur des dimensions 
fonctionnelles non étudiées et moins structurantes ou à l’inverse correspondre à un découplage 
entre la rareté fonctionnelle locale et régionale (Grenié et al. 2017) dû à des mécanismes de 
dispersion agissant à large échelle. 
 
3. Processus stochastiques et neutralité 
Outre les interactions biotiques, les processus stochastiques décrits par la théorie neutre 
(Hubbell 2001) peuvent entraîner des variations d’abondances non liées à des processus de 
niche affectant l’optimalité fonctionnelle locale réalisée. À la différence des interactions 
biotiques, les contributions neutres sont souvent associées à une hypothèse d’équivalence 
fonctionnelle entre espèces et peuvent donc être le fruit du hasard d’extinctions stochastiques 
et de variations d’abondances régionales, décalant ainsi l’optimalité locale de manière non 
prédictible. Certains paramètres jouant sur ce décalage, tels que les abondances régionales des 
espèces et le taux de dispersion limitée, peuvent en revanche être estimés comme nous l’avons 
illustré dans le mémoire portant sur la succession écologique associé au troisième chapitre. En 
effet, le modèle ecolottery (Munoz et al. 2018) s’inscrit dans la lignée d’études qui quantifient 
l’influence relative des processus neutres et déterministes sur la composition locale des 
communautés (Gravel et al. 2006, Adler et al. 2007, Jabot et al. 2008). L’inférence Bayésienne 
a permis de montrer la plus grande importance des processus neutres en début de succession 
écologique relativement aux filtres environnementaux sur les traits fonctionnels. Cette tendance 
s’inverse à mesure que la succession écologique s’opère. Au cours de cette succession, les 
espèces les plus adaptées ont en effet le temps de s’implanter et d’exclure les espèces du début 
de succession. 
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La force du modèle d’assemblage par coalescence ecolottery est qu’il permet d’estimer 
de manière mécaniste les processus de niche et neutres et se démarque ainsi de la logique de 
certaines études interprétant la variance non expliquée d’une relation trait ~ environnement 
comme étant le fruit de processus stochastiques neutres. Cette démarche pose problème dans la 
mesure où la neutralité est associée à une structuration particulière de la biodiversité et ne 
constitue donc pas un simple modèle nul totalement régi par le hasard (Munoz et Huneman 
2016). Les partitions de variance engendrées par de la neutralité peuvent ainsi avoir une certaine 
structure différente des parts non expliquées par des modèles de niche. Malgré les intérêts du 
modèle ecolottery, l’interprétation du paramètre de dispersion limitée m n’est cependant pas 
toujours immédiate. D’une part, ce paramètre borné ne se traduit pas directement en un nombre 
d’immigrants ce qui peut le rendre difficilement comparable entre communautés (Rosindell et 
al. 2011). D’autre part, la forme actuelle du modèle ecolottery implique une hypothèse 
d’équilibre associée à la composition taxonomique des communautés. Cette hypothèse reste 
forte dans la mesure où les mécanismes de successions écologiques et d’extinctions 
stochastiques vont à l’encontre de cette hypothèse. De plus, le taux de dispersion limitée m est 
considéré comme étant constant au cours de la coalescence modélisée dans ecolottery. Ceci 
suppose donc que la probabilité qu’un individu s’établissant au niveau local provienne de 
l’ensemble régional, et ne soit donc pas un descendant direct d’un individu déjà établi, soit 
constante au cours du temps. Cette hypothèse néglige donc les variations de densités de 
population régionale et des capacités d’accueil des communautés locales en nombre d’individus 
au cours du temps. Il est à noter que ces hypothèses ne sont pas concomitantes à la coalescence, 
certains modèles s’en affranchissant (e.g. Tournebize et al. 2017), mais qu’elles sont associées 
à la structure actuelle du modèle ecolottery. 
Le modèle ecolottery s’appuie par ailleurs sur l’utilisation explicite d’un ensemble 
régional d’espèces qui fournit en propagules les communautés considérées. Dès lors, il convient 
de se confronter aux définitions multiples de cet ensemble relativement abstrait (Cornell et 
Harrison 2014). Plusieurs approches ont tenté de le construire en intégrant des données de 
dispersion et de niche environnementale des espèces afin d’éviter de ne considérer que de 
simples listes taxonomiques régionales comprenant des espèces n’ayant aucune chance d’être 
observées localement (Lessard et al. 2012, 2016). Une autre méthode serait de s’appuyer sur la 
structuration régionale de la biodiversité étudiée via les réseaux, tel que présenté dans le 
deuxième chapitre. Des ensembles biogéographiques (Carstensen et al. 2013) ou fonctionnels 
(de Bello et al. 2012) pourraient alors définir des ensembles régionaux. Pour qu’ils soient 
réalistes, il faudrait par ailleurs prendre en compte les espèces généralistes capables de 
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s’exprimer dans plusieurs contextes. En revanche, se baser sur ces approches nécessite de 
travailler à large échelle et nous avons eu recours dans le cadre de notre étude sur les falaises 
Méditerranéennes à un ensemble régional reconstruit à partir des communautés échantillonnées. 
Ceci peut sembler problématique dans la mesure où les communautés observées ont été 
façonnées par des processus neutres et déterministes sur une large période temporelle et ne 
reflètent peut-être pas correctement les influences neutres ayant cours. 
Une perspective de développement futur de ce modèle serait de le rendre spatialement 
explicite afin, entre autres, d’intégrer de manière plus détaillée les dynamiques d’effets de 
masse liant les différentes communautés d’une même méta-communauté (Leibold et al. 2004, 
Jabot et al. 2018). Le rôle joint de la limite à la dispersion du fait des variations d’abondances 
régionales mais également des capacités de dispersion des espèces pourrait être mieux compris 
(Munoz et al. 2013). De même les abondances régionales pourraient bénéficier d’un meilleur 
développement conceptuel en formalisant explicitement le rôle des banques de graines et de 
l’histoire de vie des espèces. Ces perspectives permettraient de renforcer la compréhension de 
l’influence des processus neutres sur l’optimalité fonctionnelle réalisée locale. 
 
3. De l’utilité du principe d’optimalité fonctionnelle 
1. Objectifs de prédictions et optimalité 
Les changements climatiques, les destructions d’habitats et les déplacements d’espèces 
induits par les sociétés humaines ont des conséquences très lourdes sur la biodiversité, à tel 
point que l’on parle actuellement de sixième extinction de masse (Barnosky et al. 2011, 
Ceballos et al. 2017). Ces changements majeurs se sont accompagnés d’une demande forte 
envers la communauté scientifique de construire des modèles prédictifs pour anticiper et faire 
face aux nombreuses conséquences de ces changements. Cet objectif est d’ailleurs ouvertement 
affiché dans la feuille de route du comité d’évaluation internationale de la biodiversité, 
l’Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services, 
l’IPBES. Un des outils essentiels mis en avant par ce comité concerne l’évaluation de différents 
services fournis par les écosystèmes et les espèces (Costanza et al. 1997). Le lien entre écologie 
fonctionnelle et services écosystémiques chez les plantes a fait l’objet de nombreuses études 
(Lavorel et al. 2011, Lavorel 2013), études qui évaluent notamment les capacités de stockage 
de carbone et de productivité primaire des communautés via le CWM de traits foliaires ou de 
traits d’histoire de vie. L’hypothèse mass ratio stipule que les espèces les plus abondantes 
influencent davantage les dynamiques écosystémiques que les espèces rares (Grime 1998) et 
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justifie l’utilisation du CWM. Dans un contexte de changement climatique, on peut s’attendre 
à ce que les optimalités fonctionnelles fondamentales et réalisées des communautés soient 
modifiées. Si les traits mesurés pour estimer un service écosystémique particulier sont liés à 
une variation de performance des individus le long de gradients environnementaux (Figure 2), 
alors les services écosystémiques seront affectés. L’enjeu est donc ici de construire des relations 
CWM ~ Environnement pertinentes et qui peuvent se transposer dans des climats 
potentiellement futurs afin de comprendre comment évoluera la diversité fonctionnelle des 
communautés et donc comment réagiront les écosystèmes (Thuiller et al. 2008, Devictor et al. 
2010). Prédire les futures relations CWM ~ Environnement est également essentiel à la 
construction de modèles globaux de dynamiques de la végétation, ou Dynamic Global 
Vegetation Models, réalistes. Ces modèles permettent en effet de prédire à large échelle la 
répartition de la végétation, la production de biomasse, le stockage de carbone ou encore de 
quantifier des flux de diverses natures entre la biosphère et le climat. Certains travaux ont déjà 
montré qu’incorporer des informations fonctionnelles améliorait le réalisme de ces modèles 
(Verheijen et al. 2013, 2015, van Bodegom et al. 2014). Nous avons montré dans ce mémoire 
qu’estimer directement les relations topt ~ Environnement était possible, ce qui permettra peut-
être de prédire de manière plus mécaniste et fiable les dynamiques d’assemblage futures. 
Les projections climatiques futures et les relations CWM ~ Environnement permettent 
donc d’estimer les valeurs futures d’optimalité fonctionnelle. Ces projections sont également 
essentielles aux études des potentiels d’invasibilité des espèces. En effet, les capacités 
d’invasion des espèces exogènes demeurent relativement mal comprises et l’approche 
fonctionnelle permet de prédire le succès probable d’une espèce dans une communauté en 
fonction de ses valeurs de traits (Carboni et al. 2016). Ainsi, à partir des mesures de traits 
fonctionnels effectuées sur des espèces invasives et de l’estimation de l’optimalité fonctionnelle 
locale, il est possible de cartographier les communautés susceptibles d’être favorables à leur 
implantation. Il est en revanche beaucoup plus complexe d’estimer en quoi les interactions 
compétitives induites par les espèces invasives vont être à même de déplacer les optimalités 
fonctionnelles réalisées. Ce dernier point peut pourtant être la cause première du succès des 
espèces invasives. Si ces dernières disposent d’importantes capacités compétitrices, elles seront 
alors à même d’être proches de l’optimalité réalisée de nombreuses communautés à l’instar des 
espèces généralistes. À l’opposé, le maintien des espèces rares est lié à une adéquation forte 
avec l’optimalité fondamentale de communautés d’habitats et il est donc urgent de maintenir 
une diversité suffisante d’habitats si ces espèces veulent être conservées. 
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L’avantage de penser les dynamiques d’assemblage des communautés sous l’angle de 
l’optimalité fonctionnelle locale est lié à la forte généralisation de ce cadre conceptuel. En effet, 
bien que des communautés herbacées aient été étudiées au cours de cette thèse, les liens entre 
traits fonctionnels et performance dans un environnement sont développés avec plusieurs 
groupes taxonomiques (Litchman et Klausmeier 2008, Newbold et al. 2012, Fierer et al. 2014, 
Pey et al. 2014). Néanmoins, malgré cette généralisation potentielle, l’utilisation actuelle des 
traits fonctionnels chez les plantes soulève de nombreuses interrogations qu’il convient 
d’adresser avant de tenter une généralisation multi-trophique de l’optimalité fonctionnelle 
locale. 
 
2. Les limites posées par les pratiques actuelles 
Le cadre conceptuel que décrit l’optimalité fonctionnelle locale repose sur 
l’identification de couplages entre valeurs de traits fonctionnels, environnementales et de 
performance. Or, ces trois composantes sont, du fait de compromis d’usage, utilisés de telle 
manière qu’il est parfois difficile de s’approcher des objectifs de prédictions tels que ceux 
énoncés précédemment. Ainsi, tandis que certains systèmes d’étude extrêmes sont relativement 
bien compris, tant dans l’identification des variables environnementales structurantes que des 
traits fonctionnels associés à un plus grand succès local des individus, de nombreuses 
communautés laissent à penser que l’idiosyncrasie prévaudra toujours sur la généralisation 
(Lawton 1999). Le postulat de l’optimalité implique qu’une valeur de trait fonctionnel est 
associée à une plus grande performance au niveau local dans un environnement donné. Or, les 
relations entre valeurs de traits et performance sont loin d’être correctement établies pour de 
nombreux systèmes. Les traits fonctionnels utilisés proviennent en grande majorité, comme 
c’est le cas dans ce mémoire de thèse, de bases de données synthétiques (Kattge et al. 2011). 
Dans ces bases, le nombre de valeurs disponibles selon les traits semble suivre la même loi 
d’asymétrie que les abondances locales (Violle et al. 2015) et s’il est relativement aisé de 
trouver des informations sur la hauteur végétative ou la surface spécifique foliaire, les 
informations sur la composition chimique des différents tissus sont par exemple beaucoup plus 
rares. Les traits racinaires sont ainsi largement ignorés dans les études d’assemblage des 
communautés bien que constituant une facette essentielle de l’optimalité fonctionnelle locale 
(Freschet et Roumet 2017). Deux problèmes majeurs se posent alors. En premier lieu, la 
majeure partie des traits disponibles sont ceux utilisés dans les nuages phénotypiques 
maximisant la variabilité interspécifique (Díaz et al. 2016). Or si maximiser la variabilité 
interspécifique permet de statuer sur les forces évolutives ayant façonné le phénotype de plantes 
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à l’échelle globale, le lien avec la performance locale peut faire intervenir d’autres dimensions 
fonctionnelles. En outre, utiliser les traits de ces nuages impose de comparer les traits entre eux. 
Ne regarder qu’une dimension revient à perdre l’information véhiculée par la structuration du 
nuage. Deuxièmement, les liens directs entre les valeurs de ces traits avec la performance locale 
sont en généralement relativement faibles, comme cela peut être le cas avec la seule surface 
spécifique foliaire (Reich et al. 1997, Wright et al. 2010, Iida et al. 2014). En revanche, prendre 
en compte l’allocation des ressources à l’échelle des individus, avec des traits prenant en 
compte la surface de la canopée ou le diamètre des troncs chez les arbres, peut mener à des liens 
très forts (Yang et al. 2018). Ces traits d’allocation des ressources au sein du phénotype sont 
par ailleurs plus à même de réagir de manière dynamique aux changements d’optimalité 
fonctionnelle locale, un arbre pouvant par exemple réagir à des épisodes répétés de sécheresse 
en contrôlant le nombre de feuilles croissant tandis que la surface spécifique foliaire est un trait 
moins plastique du fait de contraintes évolutives (Misson et al. 2011).  
Le pragmatisme utilisé dans l’acquisition d’information fonctionnelle est également 
présent du point de vue environnemental. En effet, l’accès à une information bioclimatique à 
l’échelle mondiale à une résolution du kilomètre carré (Karger et al. 2016) mène aux mêmes 
travers. Ainsi, une inférence correcte de l’optimalité locale impose de trouver les facteurs 
abiotiques associés à la décroissance de performance la plus abrupte (Figure 2). Or ce facteur 
correspond rarement aux variables bioclimatiques disponibles à l’échelle mondiale qui sont 
davantage structurantes à large échelle qu’au niveau de la communauté. Pas moins de quatre-
vingt-dix manières différentes de caractérisation de la température au niveau de la communauté 
ont par exemple été identifiées dans des communautés alpines (Körner et Hiltbrunner 2018), et 
certaines micro-variations au niveau du sol apparaissent bien plus structurantes que la 
température moyenne annuelle disponible dans les bases de données mondiales. À l’instar des 
traits racinaires qui sont largement ignorés, les composantes édaphiques sont également 
rarement documentées bien qu’étant essentielles à la notion d’optimalité locale. Disposer d’une 
information environnementale précise et contribuant de façon majeure à l’optimalité locale est 
un axe majeur d’amélioration des études écologiques (Shipley et al. 2016). À l’heure où 
l’écologie fonctionnelle a besoin de répondre aux demandes prédictives de la société, il est donc 
important de faire face au risque de ne mesurer que les traits fonctionnels du spectre mondial 
de la diversité (Díaz et al. 2016) et de ne se baser que sur les variables climatiques issues de 
bases mondiales. L’utilisation de ces outils puissants peut en effet s’accompagner de dérives 
(Moles 2018, Morueta-Holme et al. 2018) et d’effets de mode (McGill 2015) préjudiciables. 
L’exemple du schéma conceptuel CSR pourrait être pris. Utilisé dans notre étude sur la 
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spécialisation écologique, les capacités compétitrices des plantes sont ainsi estimées par la 
surface foliaire des espèces étudiées. Or, la capacité compétitrice d’un individu est bien plus 
intégrative et ne saurait être réduite à cette seule dimension. Il en est de même pour les capacités 
de tolérance au stress et de rudéralité. Le schéma CSR avait en ce sens été largement critiqué 
(Harper et Newman 1982) et il est à noter que l’outil récent d’estimation des scores CSR mis à 
disposition par Pierce et al. (2017) est à associer à un fort regain d’intérêt pour ce cadre 
conceptuel.  
S’il semble primordial d’identifier les gradients environnementaux et les traits 
fonctionnels associés à la plus grande variation de performance locale pour caractériser 
l’optimalité fonctionnelle de communautés végétales (Figure 2), disposer d’informations 
relatives à la variabilité intra-spécifique des individus est également essentiel. Les moyennes 
fonctionnelles spécifiques correspondent en effet au maintien d’individu dans une gamme 
d’optimalités fonctionnelles qui peut être relativement large, notamment pour des espèces 
généralistes. Ne considérer que la moyenne d’un trait néglige ainsi la plasticité extrême de 
certains traits fonctionnels ou phénotypique de certaines espèces (Sartori et al. 2018). 
L’optimalité fonctionnelle estimée à partir de moyennes spécifiques peut alors être 
particulièrement éloignée de la véritable optimalité fonctionnelle locale, et ce d’autant plus 
qu’elle concerne des traits fonctionnels plastiques ou que la composition de la communauté est 
riche en espèces généralistes. Inférer l’optimalité fonctionnelle locale impose également de bien 
caractériser la performance des individus dans une communauté. En effet, si le couvert relatif 
d’une espèce est couramment utilisé, comme cela est le cas dans cette thèse, il ne correspond 
pas à une exacte mesure de la performance. En effet, au-delà des considérations sur la 
contribution d’un trait fonctionnel à un processus particulier, le couvert relatif d’une espèce 
varie intrinsèquement d’une espèce à l’autre. Certaines espèces seront ainsi relativement 
performantes localement tout en ne dominant pas spatialement leur communauté. Compter 
directement les individus ou utiliser des méthodes intermédiaires telles que la méthode de point-
contact (Barkaoui et al. 2013) semble ainsi être une meilleure option que la méthode de Braun-
Blanquet (1932) pour caractériser la performance locale. Il est à noter qu’utiliser ces méthodes 
nécessite de travailler à l’échelle de l’individu ce qui peut être particulièrement compliquée 
chez les plantes du fait de la capacité de bouturage de certaines plantes, en atteste Pando unique 
individu de peuplier-tremble étalé sur plus de 43 hectares. 
Un dernier aspect à traiter dans l’estimation de l’optimalité fonctionnelle locale traite de 
l’utilisation des moyennes agrégées à l’échelle de la communauté ou CWM. L’usage de cette 
métrique dans les relations à l’environnement a été critiqué d’un point de vue statistique, du fait 
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d’une absence de pondération de l’information environnementale par les abondances relatives 
des espèces. Des analyses multivariées comme la RLQ sont alors à privilégier (Peres-Neto et 
al. 2016) de même que l’utilisation de modèles nuls pertinents (Zelenỳ 2018). Au-delà de ces 
critiques statistiques, le CWM ne suffit pas à décrire l’optimalité fonctionnelle locale puisqu’il 
ne nous renseigne au mieux que sur la valeur de performance maximale. Intégrer des moments 
d’ordre supérieurs (Enquist et al. 2015, Gross et al. 2017) ou des indices de diversité 
fonctionnelle (Mason et al. 2005) est donc essentiel pour différencier des motifs de diversité 
locale (Figure 3). En outre, la variation de performance maximale est sans doute reliée à 
plusieurs traits. Il devient donc essentiel de construire des modèles prenant en compte cette 
multi-dimensionnalité fonctionnelle (Blonder et al. 2014, Warton et al. 2015) et de considérer 
la combinaison entre plusieurs filtres environnementaux comme cela a été fait dans notre étude 
sur les falaises Méditerranéennes. 
 
 
Figure 3. Exemples de jeux de données ne se différenciant ni par la moyenne ni par la variance. Les 
coefficients d’aplatissement et d’asymétrie diffèrent cependant et sont ici essentiels pour décrire les 
motifs observés. Tiré de https://github.com/lockedata/datasauRus.  
 
3. Perspectives futures 
La caractérisation de l’optimalité fonctionnelle locale au sein de communautés 
naturelles doit donc faire face à de nombreux écueils. Quelques études peuvent néanmoins nous 
donner des pistes pour se rapprocher de l’objectif d’une estimation réaliste. Ainsi, l’utilisation 
jointe des outils de l’écologie des populations et de l’écologie fonctionnelle (Salguero-Gómez 
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et al. 2018) est prometteuse. Dans le cadre d’un suivi à long terme de la végétation, des traits 
fonctionnels à l’échelle individuelle et des informations environnementales à fine-échelle ont 
ainsi permis d’expliquer des taux de croissance, renseignant ainsi sur l’optimalité fonctionnelle 
(Blonder et al. 2018, Garnier et al. 2018). De même, les approches expérimentales portées par 
Kraft et al. (2015a) ont permis de réconcilier les approches théoriques de la coexistence 
formalisées par Chesson (2000) et les mesures de traits propres à l’écologie fonctionnelle. Un 
court article que j’ai particulièrement apprécié fut la synthèse de Janzen (1985) sur l’ajustement 
écologique des espèces, ou ecological fitting en anglais. Dans cette note, Janzen parcourt l’aire 
de répartition d’une espèce de papillon de nuit et détaille les raisons de son maintien en chacun 
des points de cette aire. À partir d’une connaissance de l’espèce très fine, il démontre ainsi que 
les facteurs ayant le plus d’influence sur les taux démographiques varient le long de l’aire de 
répartition des espèces. Je pense qu’une voie prometteuse pour caractériser les capacités 
d’adaptation des espèces aux variations d’optimalité fonctionnelle locale serait donc de se 
concentrer sur quelques espèces communes de plantes, d’échantillonner plusieurs 
communautés le long de leurs aires de répartition puis d’y installer des placettes de suivi à long 
terme permettant d’acquérir des données environnementales et fonctionnelles à l’échelle de 
l’individu. La caractérisation des abondances régionale devrait également être considérée afin 
d’incorporer les apports de la dispersion limitée sur les dynamiques d’espèces. 
En parallèle de ce type de suivi à long terme précis, il convient également de profiter de 
la disponibilité exceptionnelle de données permise par les bases mondiale telles que sPlot 
(Dengler et al. 2014) et TRY (Kattge et al. 2011) tout en étant conscient des limites 
conceptuelles inhérentes à leur utilisation. La diversité des approches est à maintenir et un 
dialogue permanent entre expérimentation, suivi à long terme et utilisation de bases de données 
mondiales est à mener au cours d’une carrière scientifique. Le risque de s’enfermer dans un de 
ces trois axes est en effet grand et aurait pour conséquence de se priver des avantages de chaque 
discipline, à savoir la découverte de lois générales et de motifs de diversité à large échelle 
permise par la biogéographie fonctionnelle, le lien entre le phénotype et la performance des 
espèces permise par l’écologie fonctionnelle et l’intégration de la complexité en écologie des 
communautés. De cette interface émergera peut-être une optimalité scientifique. 
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Weeds are classically de"ned as plants that spontaneously grow on 
a land modi"ed by humans (Godinho, 1984), while arable weeds 
are those speci"cally occurring in regularly cultivated "elds. 
Despite several e#orts to de"ne weediness in ecological terms 
(Baker, 1965; Sutherland, 2004; van Kleunen et al., 2010; Kuester 
et al., 2014), there is still no de"nite answer to the question “What 
makes a weed a weed?” One may therefore question whether ar-
able weeds represent an arti"cial construct without clear ecologi-
cal identity de"ned purely on the basis of plant presence in arable 
"elds, or conversely, consist of an ecologically meaningful pool of 
plants characterized by speci"c adaptations to arable "elds. In this 
context, trait- based ecology provides a relevant approach to assess 
the characteristics and determinants of the ecological niche of ar-
able weeds (Grime, 1974; Westoby and Wright, 2006). Ecological 
niche di#erentiation along multiple functional dimensions indeed 
drives plant adaptation to speci"c environmental conditions and 
results in basic ecological strategies (Grime, 1979; Blonder et al., 
2014, 2017). Our aim was to characterize whether and how the 
niche of arable weeds is constrained by speci"c trait values related 
to resource requirement, competitive ability, phenology, and re-
sistance to disturbance that confer adaptation to the speci"c envi-
ronment of arable "elds.
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PREMISE OF THE STUDY: Despite long- term research e%orts, a comprehensive perspective 
on the ecological and functional properties determining plant weediness is still lacking. We 
investigated here key functional attributes of arable weeds compared to non- weed plants, 
at large spatial scale.
METHODS: We used an intensive survey of plant communities in cultivated and non-
cultivated habitats to de&ne a pool of plants occurring in arable &elds (weeds) and one of 
plants occurring only in open non- arable habitats (non- weeds) in France. We compared the 
two pools based on nine functional traits and three functional spaces (LHS, reproductive 
and resource requirement hypervolumes). Within the weed pool, we quanti&ed the trait 
variation of weeds along a continuum of specialization to arable &elds.
KEY RESULTS: Weeds were mostly therophytes and had higher speci&c leaf area, earlier 
and longer 'owering, and higher a*nity for nutrient- rich, sunny and dry environments 
compared to non- weeds, although functional spaces of weeds and non- weeds largely 
overlapped. When &delity to arable &elds increased, the spectrum of weed ecological 
strategies decreased as did the overlap with non- weeds, especially for the resource 
requirement hypervolume.
CONCLUSIONS: Arable weeds constitute a delimited pool de&ned by a trait syndrome 
providing tolerance to the ecological &lters of arable &elds (notably, regular soil 
disturbances and fertilization). The identi&cation of such a syndrome is of great interest 
to predict the weedy potential of newly established alien plants. An important reservoir 
of plants may also become weeds after changes in agricultural practices, considering the 
large overlap between weeds and non- weeds.
  KEY WORDS   agroecosystems; ecological strategies; environmental &ltering; farmland bio-
diversity; hypervolume; intensive agricultural practices; plant functional niches; trait-based 
approach; weed &delity index; weediness syndrome.
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De"ning a reference pool of arable weeds is challenging since 
a very broad diversity of de"nitions of weeds has been proposed, 
thereby evidencing that no consensus has yet been reached to de-
"ne these organisms (see e.g., the 13 de"nitions of weeds cited by 
Zimdahl, 2013). In addition, arable weeds represent a melting pot 
of species with di#erent biogeographic and ecological backgrounds 
(Baker, 1974; Munoz et al., 2017). In Europe, some arable weeds are 
native to open natural habitats, e.g., riparian zones or dry grasslands, 
which act as potential sources of species in current agroecosystems 
(Jauzein, 1995). Other species, conversely, did not exist naturally in 
European habitats and have been accidentally introduced with crop 
seeds (Coward et al., 2008). Some of these introduced arable weeds, 
so- called archaeophytes, have occurred in crops since the begin-
ning of agriculture (~10,000 BP) and are absent in natural habitats 
today, even in areas of cereal domestication. Over a long period, 
agriculture practices may have selected highly adapted ecotypes 
mimicking crop phenology and morphology (Neve et  al., 2009). 
Arable weeds thus include both species present in arable "elds and 
open non- arable habitats (e.g., Galium aparine, Lapsana communis) 
and species con"ned to arable "elds, so- called messicoles (i.e., ar-
able weeds specialized to winter cereal "elds such as Agrostemma 
githago and Bupleurum rotundifolium; Fried et  al., 2010). Arable 
"elds, therefore, represent both an extended niche for generalist or 
pre- adapted species, and a speci"c niche for a specialist +ora se-
lected for by agronomic constraints (Vigueira et al., 2013).
Previous studies investigated weediness either by focusing on 
small sets of locally co- occurring species or challenging lists of 
weeds and non- weeds using broad de"nitions (i.e., including non- 
arable invasive species as weeds: Sutherland et  al., 2004; Kuester 
et al., 2014), potentially missing ecological contrasts that are spe-
ci"c to the context of arable "elds. Furthermore, trait- based analy-
ses have to date been limited by a lack of data on all but commonly 
recorded traits. However, growing e#orts to compile databases on 
traits and vegetation worldwide (e.g., Violle et al., 2014) now allow 
more comprehensive and quantitative assessments of arable weed 
functional attributes at a large spatial scale. A comparative approach 
of arable weed trait values against those of plants restricted to open 
non- arable habitats should shed a new light on the ecological iden-
tity of arable weeds. Arable weeds can thus di#er from non- weeds 
by (1) moderate functional di#erences, so that almost all species 
of surrounding habitats can disperse in an arable "eld and become 
arable weeds, or by (2) large functional di#erences representing 
adaptations to speci"c environmental constraints in arable "elds, 
which should limit exchanges with surrounding habitats and help 
to predict the weedy potential.
Agricultural management results in harsh environmental con-
straints making arable "elds a challenging habitat for plants. Arable 
"elds are exposed to regular disturbances from tillage and weeding, 
high nutrient availability due to fertilization, and important tem-
poral heterogeneity related to crop sequences (Gaba et al., 2014). 
Crop dominance also leads to high competitive pressure for re-
sources including space and light (Weiner, 1990; Perry et al., 2003). 
We expect arable weeds will be characterized by speci"c traits pro-
moting persistence under these conditions. /e leaf–height–seed 
scheme (LHS; Westoby, 1998) has proved particularly successful in 
describing the main functional dimensions driving plant responses 
to environmental constraints, namely, the ability to grow, compete, 
reproduce, and disperse (Díaz et al., 2016). Few studies, however, 
have tested this scheme in cultivated contexts (Storkey, 2006; Fried 
et al., 2012; Perronne et al., 2015). In addition to selecting for LHS 
traits, farming operations timing and frequency together with soil 
disturbances intensity should select phenological traits and life- 
form, respectively (Baker, 1974; Zanin et al., 1997; Gaba et al., 2017). 
High nutrient and low light availabilities may additionally "lter ara-
ble weeds depending on resource- use strategy and stress tolerance. 
Such constraints could have led to large di#erences in species af-
"nity for arable "elds within the arable weed +ora: some weeds are 
frequent in arable "elds and others rare. Assessing arable weed trait 
variations along such a specialization gradient should help under-
stand the ecological processes determining weed performance in 
arable "elds. Overall, one may expect arable weeds, notably weeds 
with high specialization to arable "elds, to occupy a restricted sub-
set of the global functional trait space of plants (Díaz et al., 2016).
In this study, we aimed to characterize the functional nature 
of arable weeds by comparing the functional trait values of arable 
weeds against those of non- weeds over a large geographical area 
with broad environmental variations. An index of specialization to 
arable "elds was then calculated based on an intensive survey of 
weed occurrences in arable "elds and in other habitats. We then 
analyzed functional variation along a gradient of weed "delity to 
arable "elds. Species pools were compared for nine traits separately 
and for three functional spaces (i.e., sets of traits) representing LHS, 
reproductive, or resource requirement strategies, respectively. We 
used a hypervolume approach to compute the geometry of mul-
tidimensional niches (Blonder et  al., 2014, 2017). We expected a 
distinct and narrower spectrum of ecological strategies among ar-
able weeds compared to non- weeds and within weeds with higher 
"delity to arable "elds compared to weeds with lower "delity. Based 
on the di#erences among pools, we discuss arable weed functional 
speci"cities in relation to the ecological mechanisms likely to pro-
mote persistence in arable "elds.
MATERIALS AND METHODS
Delineation of arable weed and non- weed species pools
Several +ora and "eld inventories conducted over France were 
compiled to exhaustively delineate a pool of arable weed spe-
cies, and a pool of non- weed species. First, the list of species 
occurring in arable "elds (Munoz et al., 2017) included species 
retrieved from (1) a comprehensive specialized +ora of arable 
"elds (Jauzein, 1995), (2) the Biovigilance- Flore Network that 
sampled 1440 arable "elds across France during 9 years (Fried 
et  al., 2008), (3) a survey of 3000 arable "elds over 10 years in 
the LTSER Zone Atelier “Plaine & Val de Sèvre” (a 450- km² in-
tensive farmland landscape of western France; Bretagnolle et al., 
2018), and (4) the governmental reference list of messicole spe-
cies (Cambecèdes et al., 2012) to account for Red- Listed arable 
weeds generally not detected in "eld surveys. Second, a list of 
plants occurring in open non- arable habitats was obtained from 
the Divgrass database (Violle et  al., 2015), which encompassed 
51,486 vegetation plots over France for a total of 5245 species. 
/ese open non- arable habitats corresponded to surveys of per-
manent grasslands (see Violle et al., 2015 for further details). /e 
Divgrass database further assigned habitat types to each species 
based on a global co- occurrence analysis (i.e., modularity anal-
ysis), yielding basic vegetation categories (Carboni et al., 2016). 
Species present in both arable "elds and open non- arable habitats 
mainly belonged to four types of permanent grasslands: (1) dry 
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calcareous grasslands, (2) mesic grasslands, (3) ruderal and tram-
pled grasslands, and (4) mesophilous and nitrophilous fringes. 
We thus compared arable weeds and non- weeds from these four 
basic habitats, thereby excluding species speci"c to mountainous 
grasslands or wetlands for example. /erophytes, hemicrypto-
phytes, and geophytes only were considered to therefore focus on 
non- climbing herbaceous species.
Species were "nally classi"ed into two pools: (1) plants inven-
toried in both arable "elds and open non- arable habitats (hereaf-
ter, arable weeds; 1383 species), and (2) plants inventoried only 
in open non- arable habitats (herea>er, non- weeds; 998 species). 
Interestingly, 13 plants listed as invasive aliens in France (Gargominy 
et al., 2017) were present in the weed species pool [Ambrosia ar-
temisiifolia L., Artemisia verlotiorum Lamotte, Bidens frondosa L., 
Bromus catharticus Vahl,, Dysphania ambrosioides (L.) Mosyakin 
& Clemants, Helianthus tuberosus L., Impatiens glandulifera Royle, 
Paspalum dilatatum Poir., Paspalum distichum L., Reynoutria ja-
ponica Houtt., Solidago canadensis L., Solidago gigantea Aiton, and 
Sporobolus indicus (L.) R.Br.], while only one was present in the 
non- weed pool (Cortaderia selloana (Schult. & Schult.f.) Asch. & 
Graebn).
Functional trait data
We characterized plant ecological strategies using nine func-
tional traits (Table  1). /e LHS scheme (Westoby, 1998) was 
represented by plant height, seed mass, and speci"c leaf area 
(SLA). We assessed phenology and reproductive strategies 
through +owering onset and +owering duration (in months; 
+owering duration refers to the +owering period for a species, 
not an individual). Raunkiaer biological types represented vary-
ing responses to stress and disturbances, and we assessed species 
resource requirements based on Ellenberg indices for nitrogen, 
light, and moisture (Ellenberg et  al., 1992). /e six latter traits 
were extracted from the Base+or database (Julve, 1998), whereas 
the three LHS traits were obtained from the BiolFlor (Klotz et al., 
2002), Eco+ora (Fitter and Peat, 1994), and LEDA databases 
(Kleyer et al., 2008).
Statistical analyses
First, functional di#erences between arable weeds and non- weeds 
were investigated by comparing each trait distribution sepa-
rately between the two pools. For LHS traits, we permuted trait 
values between pools (pool sizes kept constant) and calculated 
functional overlap, measured as the area common to both trait 
distributions (in %), under a null hypothesis of no functional dif-
ference between pools (Perronne et al., 2014). We simulated 1000 
null overlap values and compared them to the observed overlap 
with actual species trait values, with a signi"cance threshold 
of 0.05. For the other six (non- quantitative) traits, we assessed 
di#erences in trait distributions between arable weeds and non- 
weeds by performing χ² tests.
Second, we compared the hypervolumes of arable weeds and 
non- weeds in multidimensional functional space. /e hypervol-
ume method uses threshold kernel density estimation to calculate 
a multidimensional volume approximating the functional space 
occupied by a set of species, while acknowledging the presence 
of holes and potential outliers (Blonder et al., 2014, 2017). /ree 
types of hypervolumes were considered here: (1) one based on 
LHS traits (SLA, plant height, and seed mass), (2) one relying 
to reproductive strategies (based on +owering onset, +owering 
duration, and seed mass), and (3) one related to resource re-
quirements (calculated from Ellenberg indices for nitrogen, light, 
and moisture). We thus considered three types of hypervolumes 
rather than a single one to separate the contributions of speci"c 
components of the global plant strategies (LHS, reproduction, or 
resources) to the di#erentiation between arable weeds and non- 
weeds. To control for di#erent numbers of species in each pool, we 
applied a rarefaction approach: n arable weed species were sub-
sampled 1000 times, with n corresponding to the number of non- 
weed species (the smallest species pool). /erefore, 1000 arable 
weed hypervolumes and one non- weed hypervolume were calcu-
lated for each of the three types of hypervolumes. Di#erences in 
functional niche breadth between arable weeds and non- weeds 
were tested by calculating the p- value between the frequency dis-
tribution of the 1000 hypervolume volumes of arable weeds and 
the non−weed hypervolume volume. A p- value value inferior to 
0.025 or superior to 0.975 indicates a non- weed hypervolume sig-
ni"cantly smaller or larger than the arable weed hypervolume, 
respectively. In addition, functional space overlap between arable 
weeds and non- weeds was assessed by calculating the number of 
arable weeds included in the non- weed hypervolumes.
/e pool of arable weeds could include some species occasion-
ally observed within arable "elds and more frequently encountered 
in other habitats. To di#erentiate these occasional arable weeds and 
to derive a continuous metric of weediness, we assigned each arable 
weed species an index of "delity to arable "elds. We then assessed 
functional trait and hypervolume variations for varying levels of "-
delity. /ese analyses only included plant species inventoried in the 
TABLE 1. Description of investigated plant traits, obtained from the Base'or, BiolFlor, Eco'ora and LEDA databases. Range corresponds to mean [min- max] for 
leaf–height–seed (LHS) traits (i.e., SLA, height and seed mass), and to median [min- max] for the others.
Trait Type Unit Range / Level
No. of weed species 
informed (total: 1383)
No. of non- weed species 
informed (total: 998)
Specific leaf area Quantitative (numeric) m2 kg−1 24.49 [3.48–71.27] 579 296
Plant height Quantitative (numeric) m 0.50 [0.01–2.74] 732 403
Seed mass Quantitative (numeric) g 4.19 [0.0008–99.17] 800 383
Biological type Qualitative (factor) — therophyte – hemicryptophyte - geophyte 1365 968
Flowering onset Quantitative (integer) month 5 [1–12] 948 672
Flowering duration Quantitative (integer) month 7 [1–12] 948 672
Ellenberg nitrogen Semi-quantitative (integer) — 6 [1–9] 1022 707
Ellenberg light Semi-quantitative (integer) — 8 [1–9] 1025 719
Ellenberg moisture Semi- quantitative (integer) — 7 [1–11] 1015 703
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Biovigilance- Flore Network (for a total of 289 species; Appendix S1), 
as this data set was the only one for which "delity at a national scale 
could be calculated. Fidelity to arable "elds in Biovigilance- Flore 
relative to open non- arable habitats in Divgrass was calculated for 
each species i using the Φ index proposed by Chytrý et al. (2002):
where N is the total number of surveys in both Biovigilance- 
Flore and Divgrass databases, N
p
 is the total number of surveys 
in Biovigilance- Flore, n
i
 is the number of occurrences of species i 
in both Biovigilance- Flore and Divgrass databases, and n
i,p
 is the 
number of occurrences of species i in Biovigilance- Flore. Higher 
"delity index to arable "elds therefore corresponded to species 
that occurred in a high number of plots in the Biovigilance- Flore 
database and a low number of plots in the Divgrass database, 
while lower "delity index to arable "elds corresponded to species 
that occurred in a low number of plots in the Biovigilance- Flore 
database and a high number of plots in the Divgrass database. 
Besides relative frequency, "delity index correlates positively with 
the noxiousness of arable weeds as a preliminary analyses showed 
that arable weeds classi"ed as noxious over France in the refer-
ence list proposed by Mamarot and Rodriguez (2011; Appendix 
S1) had a signi"cantly higher "delity to arable "elds compared to 
arable weeds not classi"ed as noxious (Appendix S2). Hence, the 
index of weed "delity to arable "elds represents a relevant proxy 
for weed noxiousness. Species were then sorted by decreasing "-
delity to arable "elds and split into nine subsets corresponding to 
"delity deciles (i.e., the "rst decile included the species with the 
highest 10% Φ index, etc.). We assessed changes in the mean and 
variance of each of the nine traits across these subsets. While var-
iations in mean trait values identi"ed the direction of functional 
changes among arable weeds with increasing "delity, we also in-
vestigated changes in trait variance to test whether the spectrum 
of ecological strategies was narrowing with increasing "delity. 
Compared to classical linear models (i.e., analyzing "delity index 
as a continuous variable), this approach based on "delity deciles 
thus allowed us to quantify changes in single trait variance in 
comparison with random species pools. Narrower variance was 
expected if arable weeds with the highest "delity were selected 
according to a speci"c set of functional attributes. For each trait 
and each of the nine decile subsets, we therefore calculated the 
observed variance and a series of null variances obtained from 
1000 subsamples of k
i
 species randomly selected among all arable 
weeds, k
i
 corresponding to the number of species in subset i, with 
i in [1;9]. P- values of observed variance were then calculated as:
where the null values are the variance values obtained from re-
sampling, the obs. value is the observed variance, and n
perm
 is 
the number of permutations (1000). For each species subset i, a 
P- value lower than 0.025 or greater than 0.975 indicates a trait 
variance signi"cantly smaller or higher than expected by chance, 
respectively.
We then examined the relationship between functional 
niche breadth and arable weed fidelity. As for trait variance, 
we expected hypervolume to become narrower when fidelity 
increases. We designed a comparable rarefaction procedure to 
test the deviation of each of the three hypervolumes from null 
volumes along a gradient of fidelity. This null model approach 
indeed allowed us to account for differences in species richness 
between fidelity deciles and thus avoid potential biases as hyper-
volumes calculated with fixed bandwidth necessarily increase 
with species richness (Lamanna et al., 2014). Last, we assessed 
changes in the difference between arable weed and non- weed 
functional spaces along a gradient of fidelity by computing the 
distance between the centroids of arable weed and non- weed hy-
pervolumes for each fidelity decile and each type of hypervol-
ume (total of 27 distances).
Analyses were conducted in R v.3.2.3 (R Core Team, 2016) using 
the package hypervolume (Blonder and Harris, 2017). We did not 
consider plant taxa for which the trait value was not available in 
single trait comparisons (Table 1) or plant taxa missing at least one 
value among investigated traits in hypervolume computation (see 
"gure legends).
RESULTS
Di#erences in functional traits between arable weeds and 
non- weeds
We found significant differences between arable weeds and 
non- weeds for most functional traits (Fig.  1; Appendix S3). 
Regarding LHS traits, arable weeds generally tended to have a 
higher SLA than non- weeds, whereas plant height and seed mass 
did not differ significantly between arable weeds and non- weeds. 
Regarding Raunkiaer biological types, arable weed species in-
cluded more than 60% of therophytes, while non- weeds were 
mainly hemicryptophytes and geophytes (65% and 20%, respec-
tively). In terms of flowering phenology, arable weeds generally 
started to flower earlier (in March and April) and approximately 
25% of the weeds flowered longer than the non- weeds (up to 
9–10 months; Fig. 1; Appendix S3). Regarding Ellenberg indices, 
arable weeds had a higher affinity for nitrogen- rich soils, sun-
nier environments and drier conditions compared to non- weeds 
(Fig. 1; Appendix S3).
Di#erences in functional spaces between arable weeds and 
non- weeds
Functional spaces di#ered between arable weeds and non- weeds for 
two of the three hypervolumes studied. Arable weeds were charac-
terized by a smaller LHS hypervolume than non- weeds (mean ar-
able weed 
LHS vol
 ± SD = 65 ± 5; non- weed 
LHS vol
 = 107; p 
LHS vol
 
di#erence
 
< 0.0001; Fig. 2A; Appendix S4a), as well as a smaller resource re-
quirement hypervolume (mean arable weed 
resource vol
 ± SD = 44 ± 2; 
non- weed 
resource vol
 = 71; p 
resource vol di#erence
 < 0.0001; Fig. 2B; Appendix 
S4b), re+ecting a narrower niche space of arable weeds. Despite 
these di#erences, large overlap in functional niches were found be-
tween the two pools, as up to 97% and 94% of the arable weeds were 
included in LHS and resource requirement hypervolumes of non- 
weeds, respectively. Only hypervolumes related to reproductive 
strategies showed no signi"cant volume di#erences between arable 
훷
i
=
Nn
i,p− niNp√
n
i
Np
(
N−n
i
) (
N−Np
) ,훷i ∈[−1;1] ,
P=
∑
(null values<obs. value)+
∑
(null values= obs. value)
2
nperm+ 1
,
94 • American Journal of Botany
weeds and non- weeds (mean arable weed 
reproductive vol
 ± SD = 65 ± 
4; non- weed 
reproductive vol
 = 61; p 
reproductive vol di#erence
 = 0.1822; Fig. 2C; 
Appendix S4c); more than 90% of the arable weeds were included 
in the non- weed hypervolume (mean inclusion calculated from the 
1000 species subsamples).
Variation in arable weed functional traits with increasing 
$delity to arable $elds
We found signi"cant changes in mean functional trait values with 
increasing arable weed "delity to arable "elds (Appendix S5): SLA, 
+owering duration, and Ellenberg index for nitrogen increased on 
average, while Ellenberg index for light and +owering onset de-
creased. Species more con"ned to arable "elds thus +owered earlier, 
produced +owers over a longer period, and had higher a{nity for 
nitrogen- rich soils and shady environments. For Ellenberg index 
for moisture, a gradual decrease was followed by an increase a>er 
the 30% decile with increasing "delity. /e proportion of thero-
phytes also increased with arable weed "delity, while the propor-
tion of hemicryptophytes decreased (Appendix S5). Conversely, the 
mean of plant height and seed mass did not vary signi"cantly along 
the "delity gradient.
/e variance of Ellenberg indices for nitrogen, light, and mois-
ture decreased with increasing "delity to arable "elds and rapidly 
became lower than expected for random subsamples of the same 
size from the entire arable weed pool (Fig. 3). A narrower range of 
resource requirements strategies thereby characterized arable weed 
species with higher "delity to arable "elds. Conversely, for the other 
traits, decreases in trait variance with increasing "delity were not 
signi"cant (Fig. 3), suggesting that diverse LHS and reproductive 
ecological strategies facilitate the colonization of arable "elds.
Variations in arable weed functional spaces with increasing 
$delity to arable $elds
We assessed hypervolume variations along the arable weed "delity 
gradient. Only the resource requirement hypervolume (i.e., based 
on Ellenberg indices) showed a volume that rapidly dropped and 
became signi"cantly smaller than expected from random sub-
samples of same size among the entire arable weed pool (Fig.  4; 
Appendix S6). Along the "delity gradient, arable weeds thus experi-
enced important narrowing in the breadth of their functional niche 
related to abiotic requirements, given that only a limited number of 
combinations of Ellenberg indices characterized arable weeds with 
higher a{nity to arable "elds. Hence, the volume of resource re-
quirement hypervolume decreased by 80% when the 10% of the ar-
able weeds with the highest "delity to arable "elds was compared to 
the entire pool was, and by 37% and 17% for LHS and reproductive 
FIGURE 1. Distribution of plant traits among the two species pools (red: arable weeds; blue: non- weeds). The p- values for between- pool di%erences 
in trait distribution were obtained from a null model approach for leaf–height–seed traits and χ² tests for the others. Species pool size is indicated in 
Table 1, and detailed results of the χ² tests in Appendix S3.
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hypervolumes, respectively. Although the volumes of the LHS and 
reproductive hypervolumes decreased along the gradient of "delity, 
these hypervolumes were not signi"cantly smaller than expected 
by chance from random species samples (null hypothesis) even for 
the 10% of arable weeds with the highest "delity to arable "elds. 
Furthermore, the distance between the centroids of the arable weed 
and the non- weed hypervolumes positively increased with "delity 
for the three types of functional spaces, indicating greater func-
tional discrepancy between arable weeds with the highest "delity to 
arable "elds and the non- weed species (Appendix S7).
DISCUSSION
Characterizing the functional space of species occurring in a spe-
ci"c habitat allows better understanding of the ecological mecha-
nisms driving their persistence and coexistence (McGill et al., 2006; 
Blonder et al., 2014). Here, we investigated the functional speci"-
cities of arable weeds (1) compared to plants found in non- arable 
open habitats (non- weeds) and (2) along a gradient of "delity to 
arable "elds. We used two complementary approaches: single- 
trait and multidimensional functional space comparisons, which 
provide complementary insights into basic ecological strategies 
(Díaz et al., 2016). We found that arable weeds, especially those with 
high "delity to arable "elds, are characterized by key trait values 
promoting their persistence under the harsh constraints imposed 
by agricultural management. Nevertheless, the functional niches 
of arable weeds and non- weeds broadly overlapped, so that most 
arable weeds were included in non- weed hypervolumes. /e func-
tional di#erence still increased between non- weeds and the arable 
weeds with the highest "delity to arable "elds, thereby demonstrat-
ing that the concept of weediness is best interpreted as a continuum 
of specialization as opposed to a discrete categorization.
Ecological $lters driving arable weed functional speci$cities
Arable weeds with highest "delity to arable "elds are character-
ized by higher speci"c leaf area and a low Ellenberg index for light 
re+ecting their ability to better acquire resources while tolerating 
competition for light with crops, one of the main limiting resources 
in arable "elds (Weiner et al., 2010). Higher speci"c leaf area can 
be indicative of a large growth potential when resource availability 
is high, in accord with previous studies de"ning two types of weed 
strategies: tall, fast- growing species running for light acquisition 
FIGURE 2. Pairwise representation of the arable weed (red) and non- weed (blue) hypervolumes based on (A) leaf–height–seed traits (n = 524 spe-
cies), (B) reproductive traits (n = 550 species), and (C) resource requirement indices (n = 1406 species). Only one of the 1000 hypervolumes calculated 
by resampling is shown for arable weed species.
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and prostrate species tolerating shade (Storkey et al., 2005; Weiner 
et  al., 2010). Higher Ellenberg indices for nitrogen among arable 
weeds revealed their adaptation to the nutrient- rich environment 
of arable "elds resulting from fertilization. Plants with low nitrogen 
requirements are indeed rare in arable "elds (Pinke and Gunton, 
2014; Wagner et al., 2017) because agricultural intensi"cation gen-
erally selects for nitrophilous plants (Fried et al., 2009; Storkey et al., 
2010; Moreau et al., 2014).
Arable weeds included 60% of therophytes, while non- weeds 
were mainly hemicryptophytes (65%) and geophytes (20%). /is 
result is not surprising since the frequent disturbances occur-
ring in arable "elds, associated with tillage, herbicide application 
or harvest, select species avoiding unfavourable conditions (i.e., 
therophytes; Zanin et  al., 1997; Armengot et  al., 2016). Besides 
disturbance frequency, the timing of agricultural operations also 
shows great inter- annual variability resulting from the succession 
of crops with di#erent sowing season (Gaba et  al., 2014). Longer 
+owering thus confers a greater tolerance to low predictability of a 
favorable reproductive period. In arable "elds, early and long +ow-
ering can also be interpreted as a potential strategy to escape weed 
control and crop competition (Bagavathiannan and Norsworthy, 
2012). Arable weeds with a short or late +owering period are in-
deed o>en rare in agroecosystems (Storkey et al., 2010; Pinke and 
Gunton, 2014).
/e functional characteristics of weeds identi"ed here are con-
sistent with previous studies showing that weediness is related to 
speci"c resource acquisition, growth strategies, and high tolerance 
to disturbances. Weeds were for example previously de"ned as 
plants with rapid growth, fast establishment of a +owering phase, 
continuous seed production, or tolerance to a wide range of en-
vironmental conditions (Harper, 1960; Baker, 1974; Grime, 1979), 
which related here to higher speci"c leaf area, higher proportion 
of therophytes, earlier and longer +owering, and larger resource re-
quirement hypervolume. In addition, our results suggest that weed-
iness and invasiveness may be determined by similar functional 
characteristics because arable weeds tend to share numerous traits 
FIGURE 3. Variation in the p- value of the investigated trait variance along a gradient of arable weed species &delity to arable &elds. The p- values 
obtained through resampling correspond to the probability of trait variance to be signi&cantly smaller (p ≤ 0.025) or higher (p ≥ 0.975) than expected 
by chance (dotted lines show signi&cance levels). Arable weed &delity to arable &elds increases from left to right with the frequency of a species in 
arable &elds relative to its frequency in open non- cultivated habitats. Each dot along the x- axis corresponds from left to right to the &rst nine deciles 
of the arable weed species pool ranked by increasing &delity (e.g., the dot on the extreme right refers to the arable weed species with the highest 10% 
&delity to arable &elds). Regression lines were obtained by AIC selection on linear and quadratic models.
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with invasive alien plants. As in the arable +ora studied here, weeds 
in the United States include more annuals than non- weeds (Kuester 
et al., 2014), while invasive alien plants, although called weeds in 
many countries, show higher photosynthetic capacity and nitrogen- 
use e{ciency, as well as earlier and longer +owering compared to 
their native congeners (Pyšek and Richardson, 2007; van Kleunen 
et al., 2010), and generally originate from nutrient- rich productive 
habitats or possess large ecological niches (Dostál et al., 2013). In 
some respects, however, invasives are functionally distinct from na-
tives, which may explain their absence in the arable "elds sampled 
in the data sets investigated here. In particular, introduced weeds 
are generally less tolerant to shade and calcic soils compared to na-
tive ones (Kuester et al., 2014), while invasive ones o>en live longer 
and mainly propagate vegetatively compared to non- invasives 
(/ompson et al., 1995; Sutherland, 2004). Future studies may help 
to disentangle whether the absence of some invasives in arable "elds 
predominantly relates to ecological "ltering processes or to intro-
duction history.
Arable weed functional space
/e analysis of hypervolumes accounts for correlations and trade- 
o#s among traits in functional space, which allowed us to character-
ize the multidimensional nature of arable weed ecological strategies 
and to reveal complementary insights to those of single trait com-
parisons. We found that arable weeds have a narrower ecological 
niche compared to non- weeds for both LHS and resource require-
ment hypervolumes. With increasing "delity to arable "elds, arable 
weed hypervolumes decreased, and their distance from the ones of 
non- weeds increased. A limited spectrum of ecological strategies 
thus confers arable weeds a high "delity to arable "elds. Investigating 
multiple functional spaces related to distinct components of plant 
ecological strategies (e.g., LHS, reproduction, resource require-
ment) further allows disentangling distinctive signatures of ecolog-
ical constraints. Among the three hypervolumes investigated here, 
resource requirement showed the highest (and signi"cant) func-
tional niche breadth reduction along the "delity gradient (80%). 
Indeed, when the pool of arable weeds was gradually restricted to 
species with higher "delity to arable "elds, a{nity for nutrient- rich 
soils and a shady environment became more and more pronounced. 
While LHS and reproductive traits consistently varied with arable 
weed "delity (trait variance decreased for all traits, mean +owering 
onset decreased, and mean SLA, +owering duration and therophyte 
proportion increased), these patterns did not translate into signi"-
cant functional space reduction. Resource- use strategies are there-
fore strongly selected and determine the ability of arable weeds to 
persist in arable "elds. Selected strategies must overcome ecological 
"lters related to fertilization and asymmetric competition for light 
with crops, as already proposed (Gaba et al., 2014). Conversely, the 
selective pressure acting on LHS and phenological traits appeared 
less pronounced, thereby allowing for a broader spectrum of asso-
ciated ecological strategies.
FIGURE  4. Variation in p- values for the volume of the hypervolume 
based on (A) leaf–height–seed (LHS) traits (n = 219 species), (B) repro-
ductive traits (n = 268 species), and (C) resource requirement indices (n 
= 164 species), along a gradient of arable weed &delity to arable &elds. 
The p- values obtained through resampling correspond to the probabil-
ity of the hypervolume to be signi&cantly lower (p ≤ 0.025) or higher (p ≥ 
0.975) than expected by chance (dotted lines show signi&cance levels). 
Arable weed &delity to arable &elds increases from left to right with the 
frequency of a species in arable &elds relative to its frequency in open 
non- cultivated habitats. Each dot along the x- axis corresponds from left 
to right to the &rst nine deciles of the arable weed species pool ranked by 
increasing &delity (e.g., the dot on the extreme right refers to the arable 
weed species with the highest 10% &delity to arable &elds). Regression 
lines were obtained by AIC selection on linear and quadratic models.
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Contrary to single trait comparisons showing large di#erences 
between arable weeds and non- weeds, the analysis of hypervolumes 
revealed that the ecological strategies allowing species to establish 
in arable "elds are generally diverse and o>en similar to plant strat-
egies in open non- arable habitats. /e use of functional spaces in 
combination with "delity indices should help to identify which spe-
cies can become problematic arable weeds in response to changes 
in agricultural practices (e.g., no- till, reduced fertilizers) among the 
large reservoir of species observed here, which implies important 
applications to forecast and manage arable weed communities. We 
therefore believe that multidimensional analyses should be more 
broadly used to complement single trait comparisons in ecological 
studies to better re+ect the complexity of plant strategies.
Perspectives and limitations
Crop type strongly "lters arable weed species, especially in relation 
to phenology as arable weeds generally mimic the crop species with 
later +owering onset and shorter +owering period in late- sowing 
crops (Gunton et al., 2011; Perronne et al., 2015). Such a "ltering 
e#ect was not detected here because the arable weed pool was de-
"ned independently of crop types. In particular, the Biovigilance 
database used to calculate arable weed "delity includes a high 
proportion of winter cereal "elds (48%), but lower proportion of 
maize (21%), oilseed rape (9%) and sun+ower (6%) "elds, hence 
corresponding to the classical French crop rotation. Our results 
may therefore mainly re+ect the ecological processes occurring 
under early- sowing cereal production, and additional studies are 
needed to investigate di#erences in the phenological functional 
space of arable weeds associated with di#erent crop types. In ad-
dition, re"ning the measure of weed "delity by accounting for the 
crop sequence of "elds before sampling (i.e., whether an arable "eld 
sampled was cultivated as grassland—or a grassland cultivated with 
annual crops—in the few years before sampling) could be advisable 
to avoid biases in the delimitation of the species pools. More impor-
tantly, we believe that intensive e#orts should be devoted in the next 
future to the measurement of functional traits and the completion 
of databases, notably for LHS traits. Indeed, for up to 42% of the 
arable weeds and 70% of the non- weeds in our analyses one LHS 
trait value was not available. Including missing trait values should 
not, however, greatly a#ect the observed functional space overlaps, 
as 18% of the genera missing data for at least one species included 
both arable weeds and non- weeds (minimum: 8.22% for +owering 
onset; maximum: 17.56% for SLA). A higher overlap could also be 
expected since only 45% of trait values (excluding biological types) 
are on average informed for Red- Listed arable weeds. Adding such 
data may therefore help understanding the decline of endangered 
arable weeds. Taking into account intraspeci"c trait variation would 
also be of interest, especially to test the contribution of phenotypic 
plasticity to "delity to arable "elds. Arable weed traits, notably leaf 
traits, indeed strongly vary with ontogeny and local conditions 
(Storkey, 2005; Perronne et al., 2014; Borgy et al., 2016).
CONCLUSIONS
Using a trait- based comparative approach, this study contributed 
to a better understanding of the ecological determinants of weed-
iness; an arable weed can be de"ned predominantly as an early- 
and long- +owering therophyte with high a{nity for nutrient- rich 
and sunny environments. Most of these characteristics of arable 
weeds applied also to invasive plants (Pyšek and Richardson, 2007). 
/e original de"nition of arable weeds proposed here, however, 
mainly characterizes arable weeds with high "delity to arable "elds. 
Indeed, arable weeds were broadly similar to species con"ned to 
open non- arable habitats, while arable weeds with higher "delity 
to arable "eld conditions (including some of the most harmful for 
crop production such as Chenopodium album, Sinapis arvensis, or 
Stellaria media) had a narrower range of functional strategies and 
greater functional di#erence. Such shrinkage of ecological niches 
relates principally to the constraints imposed by agricultural prac-
tices, notably heavy fertilization, frequent soil disturbances, and 
asymmetric competition for light. Agriculture has thus selected 
for speci"c functional strategies associated with tolerance to arable 
"eld conditions, thereby creating a pool of arable weeds by "ltering 
out poorly adapted species. In conclusion, the pool of arable weeds 
is an ecologically well- de"ned group characterized by speci"c func-
tional attributes. /is large- scale study provides new insights into 
the functional space of arable weeds and generalizes previously 
observed results at a more local scale (Booth and Swanton, 2002; 
Navas, 2012). Such new ecological understanding will be particu-
larly valuable for arable weed management from economic (e.g., 
crop yield loss; Oerke, 2006), ecological (e.g., support of ecosystem 
services such as pollination; Bretagnolle and Gaba, 2015), and cul-
tural perspectives (e.g., protection of endangered species; Gerowitt 
et al., 2003). /e determination of a trait syndrome speci"c to ara-
ble weeds is indeed of great interest to predict the weedy potential 
of newly introduced plants or of current arable weeds a>er changes 
in agricultural management.
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APPENDIX S1. List of the 289 arable weed species investigated 
along the gradient of "delity to arable "elds, with noxious weeds 
(according to Mamarot and Rodriguez, 2011) in boldface.
APPENDIX S2. Di#erences in "delity index to arable "elds (mean 
± SE) between arable weeds classi"ed as noxious or non- noxious, 
according to Mamarot and Rodriguez (2011).
APPENDIX S3. Detailed results of χ² tests presented on Fig.  1. 
Each cell contains χ² component- observed number of species (ex-
pected number of species).
APPENDIX S4. /ree- dimensional plots representing the arable 
weed (red) and non- weed hypervolumes (blue) based on (a) leaf–
height–seed (LHS) traits, (b) reproductive traits, and (c) Ellenberg 
indices. Only one of the 1000 hypervolumes calculated by resam-
pling is shown for arable weed species.
APPENDIX S5. Variation of mean trait along a gradient of arable 
weed "delity to arable "elds.
APPENDIX S6. /ree- dimensional plots representing the arable 
weed hypervolumes based on (a) leaf–height–seed traits, (b) repro-
ductive traits, and (c) Ellenberg indices, along a gradient of spe-
cies "delity for arable "elds. Orange, red and black hypervolumes 
respectively, correspond to species with the highest 90%, 50% and 
10% "delity to arable "elds.
APPENDIX S7. Variations in the distance between the arable weed 
hypervolume centroid and the non- weed hypervolume centroid 
based on (a) LHS traits (n = 219 species), (b) reproductive traits (n 
= 268 species), and (c) resource requirement indices (n = 164 spe-
cies), along a gradient of arable weed "delity to arable "elds. Species 
"delity for arable "elds increases from le> to right with the ratio of 
the frequency of the species in arable "elds to the frequency of the 
species in open non- cultivated habitats. Each dot along the x- axis 
corresponds from le> to right to the "rst nine deciles of the arable 
weed species pool ranked by increasing "delity (e.g., the dot on the 
extreme right refers to arable weeds with the highest 10% "delity to 
arable "elds). Regression lines were obtained by AIC selection on 
linear and quadratic models.
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Résumé : 
Une combinaison phénotypique associée à une valeur maximale de taux de croissance 
démographique au niveau local définit une optimalité fonctionnelle locale. L’objectif de cette 
thèse est de comprendre le lien entre cette optimalité, les abondances et la coexistence des 
espèces au sein d’une communauté, à partir de données observées et d’approches de 
modélisation. Nous montrons en premier lieu que la moyenne fonctionnelle locale, pondérée 
par les abondances relatives des espèces, dépend de la distribution fonctionnelle régionale et 
dévie de l’optimalité fonctionnelle le long de gradients environnementaux, entrainant des biais 
possibles d’interprétation. Pour éviter de tels biais, nous proposons une approche d’inférence 
évaluant explicitement les paramètres du filtre environnemental avec un modèle mécaniste, et 
l’appliquons pour évaluer l’assemblage de communautés végétales le long d’une succession 
écologique. Nous étudions ensuite la signature de l’optimalité fonctionnelle à différentes 
échelles spatiales, à travers la structure de réseaux bipartis de communautés et d’espèces. La 
cohérence émergente des assemblages au sein du réseau permet de caractériser des ensembles 
fonctionnels, comme cela est illustré pour des prairies en France métropolitaine. La distribution 
d’occurrences des espèces entre ensembles régionaux définit une métrique nouvelle de 
spécialisation écologique. Nous montrons que la distance à l’optimalité fonctionnelle locale des 
espèces spécialistes et généralistes est fonction de leurs capacités de compétition et de tolérance 
à des stress physiologiques. Les espèces généralistes sont ainsi en moyenne de meilleures 
compétitrices éloignées de l’optimalité locale tandis que les spécialistes sont de meilleures 
tolérantes au stress. Nous évaluons enfin le lien entre abondances et distance à l’optimalité sous 
l’influence conjointe de dynamiques stochastiques, du filtre environnemental et des interactions 
compétitrices, en fonction des contributions des traits fonctionnels à ces mécanismes. La thèse 
formalise via différents modèles d’assemblage la notion d’optimalité et caractérise la signature 
de l’optimalité fonctionnelle à différentes échelles spatiales. Les applications à plusieurs types 
de communautés d'organismes illustrent le potentiel des approches mécanistes pour mieux 
évaluer les processus écologiques et biogéographiques générateurs des motifs de biodiversité. 
 
Mots clefs: Assemblage des communautés, Échelles de la diversité, Optimalité 
fonctionnelle locale, Traits fonctionnels 
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Title: Nature and signature of optimality in community assembly 
 
Abstract: 
A phenotypic combination linked to a maximal value of demographic rate at local scale 
defines a functional local optimality. The goal of this thesis is to understand the linkage between 
this optimality, the abundances and coexistence of species within communities, using both 
observational and modelling approaches. We first illustrate how community weighted means 
are influenced by the regional distribution of functional traits and deviates from the functional 
optimality along environmental gradients, leading to biases of interpretation. To avoid such 
biases, we propose a method to explicitly infer the parameters of the environmental filtering 
using a mechanistic model. We apply this method to plant communities distributed along a 
successional gradient with the objective to assess the community assembly parameters. We then 
study the signature of functional optimality across different spatial scales, through the structure 
of bipartite networks composed of communities and species. The emergent coherence of the 
assemblages within the network allows characterizing functional pools of species. This has been 
illustrated using a database of French grassland communities. The distribution of species’ 
occurrences between regional pools defines a novel metrics of ecological specialization. We 
show that the distance to functional optimality of specialist and generalist species is function of 
their competitive and stress-tolerance abilities. Generalist species are in average better 
competitors distant from the local optimality regarding their competitive traits while specialist 
species express greater stress-tolerance. Finally, we assess the link between abundances and 
distance to optimality under the joint influence of stochastic dynamics, environmental filtering 
and competitive interactions, as a function of the contribution of functional traits to these 
mechanisms. Thanks to the use of various assembly models, this thesis defines the notion of 
optimality and assesses its functional signature across spatial scales. Applications to distinct 
types of communities illustrate the potential of mechanistic approaches towards a better 
assessment of ecological and biogeographical drivers of biodiversity patterns. 
 
Key words: Community assembly, Biodiversity scaling, Local functional optimality, 
Functional traits 
 
